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RNAs can have intricate and complex structures. Many RNAs have tertiary structure and 
long-range interactions that are key to their functions within cellular processes. However, current 
methods to identify these key interactions are often low-throughput, low resolution or limited in 
their application. In this work I introduce a new technology, SHAPE-JuMP. designed to better and 
more efficiently identify these key interactions. This technology employs a novel crosslinker 
whose covalent adducts with RNA are detected by a specialized reverse transcriptase, followed by 
next-generation sequencing to identify interactions throughout an RNA. The sequencing data 
generated by SHAPE-JuMP can then be processed and analyzed by ShapeJumper, a computational 
pipeline I developed. The new technologies were benchmarked with multiple RNAs of known 
structure. In conjunction, these experimental and computational tools allow for high-throughput 
detection of RNA interactions at nanometer resolution. One potential use of SHAPE-JuMP data 
was explored by guiding refinement of structural models for the benchmark RNA based on 
SHAPE-JuMP derived through-space contact measurements. The work described here lays a 
foundation for broad application of SHAPE-JuMP, which can be used to characterize or model 
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CHAPTER 1: PRINCIPLES OF RNA HIGHER ORDER STRUCTURE DETECTION 
 
Hierarchical nature of RNA structure defines function 
 Our understanding of the biological role of ribonucleic acid (RNA) has expanded 
significantly since the initial conception of the central dogma of biology1. Initially RNA was 
often characterized as just a linear messenger of information from DNA to proteins. The four 
nucleotides that make up an RNA molecule (Fig 1.1A) were thought to simply function as a 
transient message of the genetic code to encode for proteins. However, it has become clear that 
not only are there RNAs whose function is independent of being a messenger2, but that the 
nucleotides of an RNA can base pair with themselves to form base pairs (Fig 1.1B). This pattern 
of base pairing is referred to as secondary structure. Strands of complementary bases pair to form 
helices, the basic component of secondary structure. Additional complexity is derived from the 
connections between helices. A helix may end in a hairpin loop, be interrupted by a bulge or an 
internal loop and multiple helices may be joined  by loops to form a multi-helix junction3 (Fig 
1.1B). 
 Units of secondary structure can compact in three-dimensional space to form tertiary 
structures. A small number of intramolecular contacts can be sufficient to link secondary 
structure elements and form a stable tertiary structure (Fig 1.1C). Just as the basic unit of 




Figure 1.1: RNA structure hierarchy. The three levels of structure of the M-box riboswitch. 
Nucleotides in their various representations are colored by helical domains. (A) Primary 
sequence consists of the 4 RNA nucleotides Cytosine (C), Uracil (U), Guanine (G) and Adenine 
(A). (B) Secondary structure formed from base pairing of nucleotides. In this case there are 
multiple common secondary structure motifs. (C) Three-dimensional orientation of helices and 
loops form the tertiary structure (PDB ID: 2QBZ)12. 
  
 3 
(Fig. 1.2A). Other tertiary, or “through-space” contacts may involve base paired regions that are 
independent of the nested helices of the secondary structure, such as pseudoknots5 (Fig. 1.2B) 
and kissing loops6 (Fig. 1.2C). Non-canonical base pairing is often integral to tertiary structure. 
A non-canonical base pair is any hydrogen bond linking two nucleotides where the hydrogen 
bond is not formed solely at the Watson-Crick base pairing face of the nucleobase7. These non-
canonical pairs can stabilize tertiary interactions such as tetraloop receptors8 (Fig 1.2D) and A-
minor interactions9 (Fig 1.2E). Other tertiary interactions are formed by chelation of monovalent 
and divalent metal ions10 (Fig 1.2F). Some or all of these through-space interactions combine to 
form a tertiary structure. 
 Tertiary structures are often critical to the function of RNA molecules, both coding and 
non-coding. Riboswitches control the translation of a messenger RNA by binding ligands. The 
structures in the 5¢ untranslated region (UTR) change structure upon binding a specific ligand, 
altering up or down the translation of the downstream coding sequence11. For example, the M-
box riboswitch is highly sensitive to magnesium ion concentrations and alters structural 
conformation upon magnesium ion binding12.The bound aptamer state has been found to repress 
translation of downstream genes12. Ribozymes, a class of non-coding RNA, catalyze reactions, 
similar to enzymatic proteins13. In the case of RNase P, the ribozyme cleaves precursor transfer 
RNA (tRNA) to generate the mature 5¢ termini of tRNA14,15. The active site involves trans 
interactions of nucleotides stabilized by tertiary interactions, including a pseudoknot and 
multiple co-axial helix stacks16. Even single stranded RNA genomes have structural elements 
that effect translation and replication17–19. The Dengue viral genome, a positive-sense single 
stranded RNA virus of ~11,000 nucleotides, undergoes cyclization of the 5¢ and 3¢ UTR via base  
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Figure 1.2: Examples of tertiary structure motifs. (A) Coaxial stacking of separate helices in 
the yeast phenylalanine tRNA (PDB ID: 6TNA)88. Stacking occurs between the acceptor (green) 
and the T-arm stems (blue), as well as the D-arm (red) and anticodon stems (cyan). (B) 
Pseudoknot in the human telomerase RNA (PDB ID: 2K96)89. The loop of stem 1 (red) forms 
base pairs with the loop of stem 2 (blue). (C) Kissing loop interaction of group II intron forms 
between domain IB (red) and domain ID2 (blue) (PDB ID: 3IGI)90. (D) Tetraloop receptor of 
P546 domain. The nucleotides of the P5b tetraloop (red) form non-canonical base pairs with the 
P6 region receptor nucleotides (blue) (PDB ID: 1GID)91. (E) A-minor reaction between A621 of 
helix 1 and the G653 to C771 base pair in helix 2 in the Varkud satellite ribozyme (PDB ID: 
4R4P)92. (F) Metal ion coordination of a magnesium ion (green) in the M-box riboswitch, 







pairing20. This cyclization is a necessary step in replication of the genome21,22. Throughout these 
RNA classes and more, observing tertiary structure on small and large scale is critical to 
understanding function. 
 
Experimental methods for characterizing RNA tertiary structure 
 Many methods have been developed to observe and characterize RNA structure, each 
with advantages and limitations. Physical methods like x-ray crystallography and nuclear 
magnetic resonance (NMR) offer the highest resolution images of the three-dimensional 
structure of an RNA. The majority of high resolution RNA structures submitted to the protein 
data bank (PDB)23 were determined by crystallography. The first RNA to be visualized at atomic 
resolution via x-ray crystallography was the ~80 nucleotide tRNA24,25 in 1974. Since then more 
RNAs have been crystallized, including the much larger, ~3000 nucleotide large ribosomal 
subunit26. Most other structures were determined by NMR of RNA in solution. However, both of 
these physical methods have limitations. In order to form a crystal, RNA molecules must form a 
stable structure, which has impeded the crystallization of most large and/or dynamic RNA 
molecules27. NMR solution structures are restricted by the chemical homogeneity of RNA and 
slow asymmetric tumbling, limiting the size of viable candidates to less than ~100 
nucleotides28,29. Any physical method is time consuming, laborious and constrained by the 
requirements of the method.  
Rather than attempting to visualize whole RNA molecules, some methods focus on 
profiling key internal interactions. These include methods that provide a detailed description of a 
small number of RNA contacts. Those contacts can be at a single targeted interaction, such as in 
Förster resonance energy transfer (FRET). In a FRET experiment two fluorophores, a donor and 
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an acceptor, are attached to the RNA molecule30. The donor fluorophore is excited at a specific 
wavelength and this excitation is transferred to the acceptor fluorophore when they are in close 
proximity. The excitation of the acceptor can be measured at its emission wavelength, allowing 
the distance and dynamics of the tagged RNA regions to be measured30. Other methods such as 
multiplexed •OH (hydroxyl radical) cleavage analysis with paired-end sequencing (MOHCA-
seq)31 and Mutate-and-Map32,33 allow for contact probing across an entire RNA. In MOHCA-seq 
experiments, RNAs are generated with randomly incorporated tethered Fe(III) complexes. These 
complexes can then be used to generate very short-lived hydroxyl radicals which induce strand 
scission at nucleotides in close proximity. The identity of these proximal nucleotides is then 
identified by sequencing31. In Mutate-and-Map experiments, single nucleotide mutants are 
designed for every position in the RNA. The structural effect of the mutation is chemically 
probed to identify specific contacts in the RNA, separate from secondary structure32,33. While 
these approaches yield high resolution results, the methods are low-throughput, high effort, and 
limited to specific conditions, like in vitro probing. 
 There are a number of methods that are less labor intensive and higher-throughput, but 
offer less complete information. Some, like hydroxyl radical probing (HRP)34 and RNA 
interaction groups by mutational profiling (RING-MaP)35, probe individual nucleotides and use 
computational analysis to piece together a 3D model of potential interactions. Crosslinking 
methods provide a more direct measure of nucleotide interactions. Crosslinking methods involve 
covalently linking two proximal nucleotides to each other. Many of these methods rely on 
ultraviolet (UV) or small molecule crosslinking. CLASH36,37, MARIO38, and Hi-CLIP39 rely on 
crosslinking followed by pull down, ligation, and sequencing to identify interacting nucleotides. 
Recent sequencing developments have increased throughput of crosslink detection40. A set of 
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new methods take advantage of the small molecule psoralen, a crosslinker that is reversible upon 
exposure to short-wavelength UV. PARIS41, SPLASH42, LIGR-seq43, and COMRADES44 share 
the core concept of crosslinking with psoralen. Crosslinked nucleotides are proximity ligated and 
then the crosslink is reversed with short wavelength UV. The identity of the ligated sequence is 
identified by sequencing. However, ligation is inefficient and biased45. None of these methods 
directly detect the crosslink site which can lead to inaccurate or biased contact site predictions. 
 
Predicting RNA structure via computational modeling 
 An alternative to experimentally probing tertiary contact sites is to computationally 
predict overall topology of an RNA structure. The goal of this computational modeling approach 
is to accurately predict RNA tertiary structure regardless of sequence. While there are many 
approaches to computational modeling, perhaps the most basic is de novo. In de novo modeling 
the physical interactions between atoms of nucleotides are simulated over a time course. 
Interactions are characterized with a force field, a set of parameters describing the physical 
forces between the atoms. Simulations are performed until a minimum free energy structure is 
obtained, which should accurately represent the native structure, assuming the force field is 
accurate46. Modeling every conformation and interaction between atoms is computationally 
intensive. Modeling software often simplifies interactions to increase speed. One such 
simplification is by using a coarse grain simulation in which the ~20-30 atoms of each individual 
nucleotide are represented in the simulation by 1 or 3 pseudoatoms representing a nucleotide or 
constituent phosphate, ribose sugar, and base moieties, respectively47,48. Coarse grain simulations 
consume less time and memory, but sacrifice a clearer picture of small yet significant 
interactions49. 
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 An alternative to de novo modeling is homology or knowledge-based modeling, wherein 
a homologous sequence or sequences with known structures are used as templates to inform 
structure prediction. The approach relies on the observation that similar sequences often exhibit 
similar structure50. More accurate models are derived from sequences with higher levels of 
conservation51. Homology modelers can use different sized motifs from three nucleotide 
fragments52,53, to secondary structure elements such as helices and internal loops54, to the entire 
sequence55. Each approach has its own advantages and disadvantages. A larger motif can yield a 
more accurate structure for the whole RNA, but is also less readily available, whereas smaller 
motifs are more readily available, but can fail to capture the overall architecture.  
 When sufficient sequences are lacking for accurate homology modeling, de novo 
modeling can be augmented with experimental restraints in an attempt to accurately reflect the 
native fold of a structure. Secondary structure restraints are commonly used to guide base pair 
formation during de novo modeling56. These patterns of pairing are often determined via 
computational predictions influenced by experimental chemical probing data. Tertiary restraints 
are useful when an RNA lacks homologs or when modeling specific conditions like ligand 
binding57. If a small number of highly probable contacts are identified, often by conservation 
analysis or low-throughput contact probing, they can be explicitly enforced during modeling57,58. 
If contacts are identified with lower certainty, such as in high-throughput contact probing 
methods, they can inform the modeling process through pseudo-energy terms57,58. For each 
contact pair an energy bonus is conferred upon the model if the identified nucleotides are within 
some pre-determined distance range. This should bias modeling towards models where restraints 
are satisfied. Mutate-and-Map, MOCHA-Seq, and other experimental methods have been used 
successfully to restrain models31,32,35,59,60. 
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 With so many competing modeling strategies it can be difficult to identify the best 
approach for a given RNA. The RNA-Puzzles competition aims to address this issue by 
providing participating groups with the sequence, and sometimes additional data, of a NMR- or 
crystallographically-derived tertiary structure that has yet to be released publicly61. Teams 
submit an array of models that are then evaluated against the revealed structure. While homology 
or fragment-based methods currently perform the best, these methods can falter with larger RNA 
molecules or those without homologs. Also, RNA structures with shorter sequences have proven 
easier to predict than those with longer sequences. In the third RNA-Puzzles competition62, the 
SAM-I riboswitch aptamer, one of the larger RNA structures (puzzle 4, 126 nucleotides), was 
accurately modeled by homology modeling techniques. This success was attributed to the 
availability of multiple homologous templates. In contrast, the models for another long RNA, the 
Varkud satellite ribozyme (puzzle 7, 185 nucleotides), diverged more starkly from the native 
structure62. The Varkud satellite ribozyme proved a challenging target due to its unusual 
topology and a lack of homologs with which to inform modeling.  The challenges encountered in 
the RNA-Puzzles competitions highlight the larger challenges of the RNA modeling field. While 
homology modeling often generates accurate models, it is limited by the availability of templates 
and complex topology frequently found in longer sequences. 
 
Leveraging next generation sequencing to improve chemical probing of structure 
 Deoxyribonucleic acid (DNA) sequencing had been mostly performed using the low-
throughput yet highly accurate Sanger method until fairly recently. The innovation of massively 
parallel sequencing techniques and instrumentation greatly increased throughput63. The most 
widespread of these “next generation” sequencing platforms is Illumina63, which employs a form 
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of sequencing by synthesis technology. In Illumina sequencing experiments, first a sequencing 
library is prepared by amplifying the target DNA with a predetermined sequencing adapter 
sequence. This adapter allows the individual molecules within the library sample to bind to 
millions of complementary sequences affixed to a flow cell within the sequencing instrument. 
After some brief manipulations within the flow cell, the input DNA is sequenced by the step-
wise addition of fluorescent nucleotides with removable blocking groups. A nucleotide is added, 
the fluorescence is imaged to identify the nucleotide, the blocking group is removed and the 
process is repeated to sequence the whole strand64. This process can be performed on a massive 
scale using relatively low cost instruments such as the Miseq65. While the accuracy of 
sequencing a single read is lower than Sanger sequencing, the massive scale of sequencing 
enables characterization of diverse populations of similar templates63, and small changes to a 
sequence like a deletion or mutation can be accurately identified if the input template is 
sequenced at high depth66. Recent improvements in sequencing chemistry have increased 
potential read length from 50 nucleotides up to 60065,66. Increased read lengths allow for more 
complete and unbiased coverage of target sequences, increasing the ability to accurately identify 
unique variants. 
 The sensitive readout of sequences at scale allows for novel applications in chemical 
probing, particularly in the field of RNA structure probing67. The impact of next generation 
sequencing on chemical probing can be illustrated by charting the development of selective 2¢-
hydroxyl acylation analyzed by primer extension (SHAPE) technology and the improvements in 
SHAPE adduct detection methods68,69. In SHAPE experiments, RNA is treated with a small 




Figure 1.3: SHAPE chemistry and adduct detection. (A) SHAPE reagents (1M7 shown on 
left) react with the 2¢ hydroxyl groups of RNA nucleotides, forming chemical adducts. (B) 
SHAPE reagents react preferentially with single stranded nucleotides in an RNA. (C) 
Termination based methods like SHAPE and SHAPE-Seq use adduct induced reverse 
transcription termination to identify SHAPE bound nucleotides. The end of the cDNA is then 
used to identify adduct sites. (D) SHAPE-MaP utilizes specific reverse transcription conditions 
to limit adduct induced transcript termination and instead promote the formation of adduct 
induced mutations (orange) in the cDNA. Mutations are detected by sequencing and alignment 
and used to identify the SHAPE adduct sites. 
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nucleotides (Fig. 1.3B). The adduct sites are then identified by reverse transcription, whereby an 
adduct will induce termination of the complementary DNA (cDNA) transcript (Fig. 1.3C). These  
adduct sites can then be used to accurately inform RNA secondary structure prediction 
modeling70. In the first iteration of SHAPE, determining the cDNA termination site relied on gel-
based sequencing which is accurate but low-throughput and laborious. The development of 
SHAPE-Seq addressed throughput concerns by identifying termination sites using next 
generation sequencing instead71. The introduction of mutational profiling (MaP) technologies 
expanded the ability to identify SHAPE adduct sites even further72. In MaP experiments, reverse 
transcription is performed under specific conditions so that adducts induce mutation in the cDNA 
rather than termination. These mutations serve as a record of the specific adduct sites (Fig. 
1.3D). Sequencing is then used to identify the mutation sites. The MaP strategy removes biases 
from strand breakage, background degradation, or signal decay that can occur with detection by 
termination72–74. Moreover, cDNA can be amplified by polymerase chain reaction (PCR), 
allowing lowly abundant RNA to be effectively probed, even in the presence of other high 
abundance RNAs75,76. The MaP strategy would not be practical or possible without sensitive, 
massively parallel next generation sequencing technologies. 
 The massive scale of data provided by next generation sequencing requires multiple 
levels of processing and analysis before sequencing reads can be used. Manually aligning every 
read to determine which section of sequence the read corresponds to is untenable. Software is 
used to quickly and accurately align each read to a reference sequence or sequences. 
Determining the error rate from sequencing is also important. Accuracy per nucleotide can be 
assessed by quality scores (Q-scores), a measure of potential error77,78. Removing sections of 
reads with low Q-scores prevents potential errors during alignment of the sequencing read to a 
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reference sequence79. While accurate alignment is key to deciphering sequencing data, this is 
especially true when applying sequencing to MaP methods73,80. For MaP methods, adducts are 
detected as point mutations or short (<3 nt) deletions. An aligner must be sensitive enough to 
accurately identify these mutation sites. Many MaP protocols have additional processing, post 
alignment, to identify adduct sites with highest possible accuracy80. Post processing is necessary 
because enzymatic reactions, like reverse transcription, can incorporate bias72. This bias can be 
addressed computationally. Detecting deletions, especially longer deletions, adds another layer 
of complexity. It is especially challenging to precisely assign where the deletion site should start 
and stop81,82. Identifying deletion sites has been addressed by some alignment software, though 
often for specific contexts such as detecting splice sites83–85 or structural variants86,87. 
 
Research overview 
 The main goal of this work is to detect RNA-RNA interactions in a high-throughput and 
accurate manner. To that end, I developed a new strategy to identify crosslinked nucleotides, 
selective 2¢-hydroxyl acylation analyzed by primer extension and juxtaposed merged pairs 
(SHAPE-JuMP), and a computational pipeline to quickly and accurately identify the sites of 
these crosslinks, ShapeJumper. Overall my work focuses on making these strategies 
straightforward, accessible and broadly applicable to all RNAs. 
 In Chapter 2 I outline SHAPE-JuMP, a novel strategy to detect RNA-RNA interactions 
throughout an RNA molecule by first crosslinking with a newly developed two-headed SHAPE 
reagent. While crosslinking has long been used to detect through-space interactions, detecting the 
exact site of these crosslinks remains a challenge. In SHAPE-JuMP this challenge is overcome 
with a novel reverse transcriptase that encodes the crosslink site in cDNA as a deletion. I show 
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that we can accurately identify a substantial number of crosslink sites with next generation 
sequencing technologies. Post analysis, these crosslink sites can be used for multiple 
applications, such as to restrain three-dimensional modeling to recapitulate small RNA 
topologies accurately. 
 In Chapter 3 I focus on ShapeJumper, the data analysis pipeline I created to identify 
crosslink sites from SHAPE-JuMP data. SHAPE-JuMP sequencing results present a unique data 
analysis problem. To accurately identify crosslinking sites, millions of reads with high mutation 
rates have to be aligned and scanned for randomly placed and often infrequent deletions. 
Moreover, these deletions should be aligned as accurately as possible to report nucleotide 
resolution RNA-RNA interactions. ShapeJumper was created to quickly identify all deletions 
within a sequencing data set and process those deletions to identify the most probable RNA-
RNA interactions. ShapeJumper is also bundled with computational scripts to analyze and plot 
primary, secondary and tertiary structure characteristics of the interactions identified. 
 
Perspective 
 This work represents an effective cross-discipline research approach. Principles from 
chemistry and molecular biology were applied to develop a novel RNA-RNA crosslinker and 
crosslink read-out method. Principles of statistics and computer science were applied to process 
the crosslink output and identify biologically significant results. It is by combining chemical 
biology with computational analysis that SHAPE-JuMP, along with ShapeJumper, adaptively 
and thoroughly probe RNA interactions.  
 RNA and specifically RNA structure represents a relatively new field with amazing 
growth potential. While many methods exist to probe and characterize RNA structure, this 
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project represents a simple approach with broad applications. SHAPE-JuMP is not limited to one 
crosslinking method nor just to RNAs with a known structure. Further research could improve 
SHAPE-JuMP, allowing for crosslinkers of different lengths to identify interactions within RNA 
of any size, in vitro or in vivo. The computational tools are designed to accurately analyze any 
newly developed crosslinkers. Deletion-based sequencing methods can be processed with the 
scripts developed and nucleotide interactions can be visualized with the scripts provided. While 
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RNA plays key biological roles as ribozymes, translation regulators, scaffolding centers, 
and ligand binders.  These fundamental regulatory functions often occur where an RNA folds 
into complex secondary and tertiary structures1–3. Discovering and defining these structures can 
reveal insights into how RNA molecules function. Chemical probing is a powerful approach for 
mapping RNA structure at large scales and in a sufficiently unbiased way as to be useful as a 
function-discovery tool4,5. Strategies for chemical probing of RNA secondary structure, 
especially using selective 2¢-hydroxyl acylation analyzed by primer extension and mutational 
profiling (SHAPE-MaP)6,7 and the recently developed single-molecule correlated chemical 
probing (RING) methods8–10, are transforming understanding of RNA structure-function 
interrelationships. The broad applicability and accuracy of these methods are due, in large part, 
to strategies in which the sites of chemical modification are read out in a complementary DNA 
(cDNA) in a single direct step. A key insight from prior work emphasizes that methods that 
detect chemical modifications in RNA directly are superior to those that require multiple 
intervening biochemical steps11–13. 
Here, we introduce a concise strategy to map tertiary and higher-order RNA-RNA 
interactions across large RNA molecules: SHAPE-JuMP, selective 2¢-hydroxyl acylation 
analyzed by primer extension and juxtaposed merged pairs. SHAPE-JuMP monitors tertiary 
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structure via a bi-reactive SHAPE chemical crosslinking reagent that reacts with the 2¢-hydroxyl 
groups of two nucleotides in close proximity (Fig. 2.1). An engineered reverse transcriptase (RT) 
– effectively, a reverse transkiptase – then "jumps" across the crosslink to permanently record the 
crosslink site as a deletion in the resulting cDNA strand. The ability to traverse chemical 
crosslinks required an engineered enzyme, RT-C814, which was optimized from a reverse 
transcriptase previously shown to be permissive toward alternative nucleic acid backbones15. 
Locations of crosslink-induced deletions are identified by aligning sequencing reads to a 
reference sequence. We show these internucleotide crosslinks report long-range through space 




TBIA crosslinks RNA 
We created a new bifunctional SHAPE reagent, trans bis-isatoic anhydride (TBIA), to 
crosslink RNA nucleotides (Fig. 2.2A). TBIA has two electrophilic isatoic anhydride moieties, 
each of which can react with the nucleotide 2'-OH group. When TBIA reacts with one 
nucleotide, its second anhydride moiety can react with a second, proximal, nucleotide, forming a 
covalent crosslink. Crosslinks can occur between nucleotides both adjacent and distant in the 
primary RNA sequence as long as they are in close three-dimensional physical proximity. 
SHAPE reagents, like TBIA, react generically with all four nucleotides6. TBIA will also form 
mono-adducts when its first anhydride reacts with a nucleotide, but the second anhydride is 




Figure 2.1: SHAPE-JuMP overview. RNA is treated with a bivalent SHAPE crosslinker (red), 
which covalently links proximal nucleotides. Reverse transcription using an engineered jumping, 
or crosslink-traversing, polymerase records the crosslinked site as a deletion in the cDNA (blue). 
The cDNA is sequenced and aligned to the reference RNA sequence to identify deletion sites and 












Figure 2.2: TBIA characterization. (A) Reaction of TBIA with RNA yields both crosslinks and 
mono-adducts. IA strictly forms mono-adducts. (B) Reaction of VS ribozyme RNA with no 
reagent (DMSO), IA (mono-adduct), or TBIA (crosslinking reagent). (C) Hydrolysis of TBIA in 
buffer. Reaction was monitored by UV absorbance at 296 nm, and absorbance as a function of 






































crosslinks, we compared SHAPE-JuMP signals due to TBIA with mono-adducts created using 
isatoic anhydride (IA) (Fig. 2.2A), a molecule with similar structure to TBIA but only one 
reactive group. 
To examine the ability of TBIA to crosslink RNA, we folded an RNA transcript with the 
sequence of the Varkud satellite (VS) ribozyme16 and treated it with TBIA. Product formation 
was visualized by denaturing gel electrophoresis as a lower mobility band absent in no-reagent 
and IA-treated controls (Fig. 2.2B). To establish optimal reaction times for crosslinking RNA 
with TBIA, we followed TBIA hydrolysis by monitoring the change in UV absorbance at 296 
nm (Fig. 2.2C). The time decay fit a double exponential function, consistent with two-site 
reactivity by TBIA, and half-lives (t1/2) of 30 and 180 sec. We chose a crosslinking reaction time 
of 15 min, corresponding to 5 half-lives of the slower reaction. 
 
Identification of an efficient crosslink-traversing RT 
We tested diverse RT enzymes for their ability to use a crosslinked RNA as template. 
These enzymes included a processive mutant of Moloney murine leukemia virus RT (similar to 
SuperScript II), Marathon RT17, and multiple enzymes created by directed evolution14,15. We 
treated the Bacillus stearothermophilus RNase P catalytic domain18 with either the TBIA 
crosslinker or N-methyl IA (NMIA, which creates mono-adducts) and assessed detection of 
deletions in RNAs crosslinked with TBIA. We found many enzymes had modest apparent 
jumping ability, but the most efficient enzyme was RT-C815, which consistently showed 3-fold 





Figure 2.3: Identification of reverse transcriptase enzymes with the ability to jump RNA 
crosslinks. Comparison of crosslink detection in the RNase P RNA by different RT enzymes. 
Deletion rates for RNAs treated with TBIA and mono adduct-forming NMIA reagents are shown 


























SHAPE-JuMP of RNAs with complex structures 
We evaluated the ability of SHAPE-JuMP to detect nucleotides in close proximity by 
analyzing RNAs with known complex structures: the Tetrahymena thermophila group I intron 
P546 domain (P546, 158 nts)19, the VS ribozyme (186 nts)16, the catalytic domain of RNase P 
(268 nts)18, and the Oceanobacillus iheyensis group II intron20 (group II, 412 nts). These RNAs 
form diverse structures: P546 adopts a simple tertiary structure involving close packing of two 
sets of extended helices; the VS ribozyme has a distinct fold but does not form a compact tertiary 
structure with closely spaced helices; and RNase P and the group II intron form large, complex 
structures. These RNAs allowed us to examine SHAPE-JuMP across diverse structural motifs. 
Each RNA was transcribed in vitro and folded under native-like conditions to promote 
tertiary structure formation. Folded RNAs were then treated with TBIA. Features other than 
TBIA-induced crosslinks can cause RT-C8 to create deletion-containing cDNAs; we controlled 
for these background deletions by comparing TBIA reactions with parallel experiments 
performed with IA. All TBIA-treated RNAs showed markedly higher per-read deletion rates than 
samples treated with IA (Fig. 2.4), suggesting that a majority of deletions detected in TBIA-
treated samples correspond to crosslinks resulting from proximities of nucleotides in true tertiary 
structures rather than background activity of the RT enzyme. There was little to no difference 
between deletions observed for IA-treated and no-reagent experiments in terms of deletion rate 
(Fig. 2.4) or position (Fig. 2.5). Full experimental replicates had strongly correlated deletion 
rates (Fig. 2.6A), similar or identical deletion sites across replicates (Fig. 2.6B), and similar 
distance distributions (Fig. 2.7).  
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Figure 2.4: SHAPE-JuMP deletion rates for tested RNAs. Rates, measured as total number of 
deletions divided by total number of aligned reads, are shown for each of two replicates for the 

























Figure 2.5: Background is primarily due to intrinsic properties of the RT enzyme, rather 
than effects of mono-adduct formation. Observed deletions for no-reagent and monoadduct 
(IA) samples for the most frequent 5% of deletions, mapped onto the reference secondary 
structures for tested RNAs (green lines). These schematics emphasize no-reagent and IA 




Figure 2.6: Deletion rates and locations are correlated in replicate experiments. (A) 
Deletion rates shown on a logarithmic scale for the most frequent 3% of deletions in replicate 
samples. Spearman correlations are reported. (B) Deletion positions between replicates for the 
most frequent 3% of deletions. Deletion intersections correspond to the percent of contacts that 






























Replicate P546 VS RNase P Group II
Deletion intersection with other replicate (%)
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Figure 2.7: Through-space internucleotide distances measured in replicate SHAPE-JuMP 
experiments are similar. Distributions of through-space distances for the 3% most frequent 
SHAPE-JuMP deletions for replicate A (colored lines) mapped against those for replicate B 
(gray shading) for all RNAs tested. Similarity in distributions was assessed by the Kolmogorov-
Smirnov test and reported as p-values; high p-values indicate similar distributions. 
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We next characterized the lengths of the deletions. Across all RNAs, average deletion 
lengths in IA-treated samples were shorter than 50 nucleotides, while deletion lengths in TBIA-
treated RNAs varied as a function of RNA. For the relatively unstructured VS RNA, deletion 
lengths for IA and TBIA were similar (Fig. 2.8), whereas, for the highly structured RNase P (Fig. 
2.9A) and group II intron (Fig. 2.8), deletion distances in TBIA-treated samples were much 
longer than those in the IA-treated controls. TBIA deletion lengths are thus related to the extent 
of structure in an RNA, but non-crosslink-induced deletions are not. 
We next examined the physical distances between nucleotides mapped in the JuMP step 
as a function of crosslink frequency and RNA. For all RNAs, crosslink frequency correlated with 
shorter through-space distance (Fig. 2.10). The most frequent 3% of deletions were between 
nucleotides separated in space by a mean of 21-26 Å (Fig. 2.9B). These distances are 
significantly shorter than those obtained from random sampling, including after controlling for 
the sequence length distributions of the TBIA-derived internucleotide pairs (Kolmogorov-
Smirnov test, all p-values <10-5). We additionally compared the deletions detected for the RNase 
P RNA in the presence and absence of Mg2+, an ion essential for native tertiary folding18,21. 
Probing in the absence of Mg2+ yielded a distribution of deletions markedly different from the 
fully folded structure and roughly comparable to the result expected for random sampling of 
through-space interactions (Fig. 2.11). 
In sum, these data emphasize that SHAPE-JuMP detects proximal through-space 
interactions and, when stable interactions are inhibited by omitting Mg2+, the resulting crosslinks 
capture interactions characteristic of alternative states. Three experimental features are critical 
for the reliable identification of through-space tertiary RNA-RNA internucleotide interactions 
using the JuMP strategy: (i) samples must be sequenced to a minimum read depth of 
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Figure 2.8: Lengths of SHAPE-JuMP deletions. Deletion lengths observed for (A) P546 intron 
domain, (B) VS ribozyme, (C) and group II intron. Deletion rates are shown for both 




Figure 2.9: SHAPE-JuMP deletion detection as a function of intervening sequence length 
and through-space distance. (A) Deletion rates of a given length due to treatment with 
monoadduct-forming IA and crosslinker TBIA for the RNase P RNA. Deletion rates are 
normalized to sum to 1. (B) Distances between nucleotides for TBIA-induced deletions. The 
most frequent three percent of deletion rates are shown with colored lines. Random contacts 
from the reference structure, that follow the same sequence length distribution of TBIA-induced 
contacts, are shown in gray. D, the Kolmogorov-Smirnov metric, quantifies separation between 
two distributions on a 0 to 1 scale with 0 indicating no separation and 1 indicating complete 




Figure 2.10: Through-space distances detected by SHAPE-JuMP as a function of deletion 
rate. Mean internucleotide through-space distances of TBIA-induced SHAPE-JuMP contacts for 
a given deletion rate threshold are shown. Deletion rates organized into percentiles where the 





Figure 2.11: SHAPE-JuMP interactions detected for the RNase P RNA in the presence and 
absence of Mg2+. (A) SHAPE-JuMP interactions for the most frequent 3% of deletions for 
RNase P in the presence (left) and absence (right) of Mg2+. Experimentally measured distances 
are shown with black lines; gray histograms represent distances of all nucleotide pairs in 
reference structure. (B) Contacts superimposed on the secondary structure, colored by through-
space distance as calculated from reference three-dimensional structure18. Nucleotides not 





500,000 reads, (ii) the deletion rate for the crosslinked sample should be at least two-fold higher 
than that of the mono-adduct (IA) control, and (iii) the overall crosslink-mediated deletion rate 
should be greater than 0.01 deletions per read. 
 
SHAPE-JuMP identifies diverse, specific internucleotide interactions 
Crosslinked nucleotides identified by SHAPE-JuMP tend to involve at least one unpaired 
RNA region, consistent with the preferential reactivity of SHAPE reagents for conformationally 
flexible sites in RNA. Nonetheless, many crosslinked sites are between an unpaired region and a 
base-paired region, likely because the second reactive group in TBIA can react with structurally 
diverse nearby nucleotides due to an increase in effective local concentration. For example, in 
P546, interactions extend from single-stranded regions adjacent to helix P6a to the base-paired 
region in P4 (Fig. 2.12A). Similar patterns are observed in the group II intron, for example, 
between the ID2 loop and the IC helix (Fig. 2.12D). 
In the test set of RNAs, SHAPE-JuMP detected internucleotide interactions within every 
multi-helix junction, as exemplified by the helix 1-2-7 three-helix junction of the VS ribozyme 
(Fig. 2.12B) and the helix III-IV-V junction of the group II intron (Fig. 2.12D). We also 
identified short internucleotide interactions between the single-stranded regions of junctions and 
their connected helices, as exemplified by the helix 3-4-5 junction of the VS ribozyme (Fig. 
2.12B) and the helix P1-P3-P4 junction of RNase P (Fig. 2.12C). Internucleotide interactions 
identified by SHAPE-JuMP are thus not limited to base-paired or single-stranded nucleotides nor 
to a specific structural motif and are particularly common in multi-helix junctions. 
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Figure 2.12: Visualization of SHAPE-JuMP interactions on complex RNA structures. 
Through-space interactions, detected as cDNA deletions, superimposed on secondary and tertiary 
structure models of (A) P546 intron domain19, (B) VS ribozyme16, (C) RNase P catalytic 
domain18, and (D) group II intron20. Internucleotide contacts are shown as lines, colored by 
through-space distance. Contacts are shown for most frequent 3% of measured deletions. 
Nucleotides not visualized in three-dimensional structure models are gray.  
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The majority of SHAPE-JuMP internucleotide interactions occur in clusters, as is readily 
visualized when contacts are mapped onto the known tertiary structures (Fig. 2.12). This 
clustering increases confidence that true proximal tertiary interactions are identified by SHAPE-
JuMP. Clusters occur throughout RNAs and in both solvent-accessible and inaccessible regions, 
as verified by comparing the solvent-accessible surface areas of each nucleotide 2¢-OH group to 
the total deletion rate at each nucleotide (Fig. 2.13). This observation is consistent with prior 
work that demonstrated that SHAPE reactivity is not governed by solvent accessibility22. Thus, 
SHAPE-JuMP identifies tertiary interactions in both the interior and exterior of RNAs with 
complex structures. 
 
SHAPE-JuMP-restrained structure modeling 
De novo RNA structure modeling is improving rapidly but remains challenging for large 
RNAs23,24. Experimental restraints can dramatically improve physics-based modeling8,25,26, and 
SHAPE-JuMP identifies through-space RNA-RNA interactions with mean distances on the sub-
25-Å scale (Fig. 2.9), roughly corresponding to the width of an RNA helix. We therefore 
explored the usefulness of SHAPE-JuMP interactions for reducing the conformation space 
sampled during tertiary structure modeling. SHAPE-JuMP restraints can, in principle, be 
incorporated into any modeling framework. Here, we used discrete molecular dynamics 
(DMD)27,28 to model the global folds of our RNAs. We represent the RNA structure in a 
simplified way for DMD simulations. Each nucleotide is modeled as three beads, corresponding 
to the phosphate, ribose, and nucleobase. SHAPE-JuMP restraints were incorporated by applying 




Figure 2.13: SHAPE-JuMP detects interactions in both solvent-accessible and inaccessible 
regions. For each RNA in the test set, the sums of all deletion rates at each given nucleotide are 
plotted in blue (left axis) and solvent accessible surface areas (SASA, right axis) for each 
nucleotide 2'-hydroxyl group are in red. 
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Restraints were applied in three steps during the DMD simulation reflecting both the 
classes of internucleotide interactions directly measured by SHAPE-JuMP and the hierarchical 
nature of RNA folding29. In step 1, secondary structure restraints, corresponding to canonical 
base pairing, were applied (Fig. 2.14A). Accurate secondary structure models for most RNAs are 
readily obtained by SHAPE-MaP and PAIR-MaP chemical probing9,30 and were available for 
each RNA in the test set7,30,31. In step 2, restraints corresponding to SHAPE-JuMP interactions 
identified within multi-helix junctions were added (Fig. 2.14B, orange and yellow lines). In step 
3, SHAPE-JuMP-informed restraints corresponding to through-space tertiary structure proximity 
were added (Fig. 2.14C, blue and purple lines). Restraints corresponding to the most frequently 
measured deletions were awarded bonuses at shorter distances (Fig. 2.14C and Fig. 2.10).  
This approach was extended to all four RNAs, yielding models with RMSD values 
ranging from 14 to 33 Å, relative to the accepted structure, with longer molecules having larger 
RMSD values, as expected (Fig. 2.14D-G). RMSD values normalized to a length of 100 
nucleotides32 (RMSD100) fell into a narrow range of 9 to 19 Å. For P546, the three clusters of 
tertiary restraints resulted in a refined model that captured the overall structure of the RNA with 
the exception of the P5b region, which lacked proximity interactions linking it to the rest of the 
structure (Fig. 2.14D). For VS, the refined model captured most of the global architecture of the 
reference structure (Fig. 2.14E). RNase P was an especially favorable case, as the overall fold 
and helix positions were in good agreement with the accepted structure (Fig. 2.14F). Similarly, 
the model of the group II intron has the correct box-like shape of the accepted structure33 and 






Figure 2.14: SHAPE-JuMP-directed structure refinement leads to agreement with accepted models. 
(A-C) Restraints superimposed on secondary structure and resulting three-dimensional models from 
stepwise DMD refinement of P546 intron domain19. Five modeled structures (transparent red), consisting 
of the centroid and four models with lowest RMSD as compared to this centroid aligned to the reference 
structure19 (grey) are shown. Restraints were added stepwise, (A) starting with the base paired secondary 
structure, (B) adding SHAPE-JuMP restraints at multi-helix and external junctions (orange lines) and then 
(C) adding high frequency proximity interactions (purple lines). Lengths of restraint wells are color-coded 
as indicated in key. (D-G) Structures obtained using JuMP data-informed DMD aligned to accepted 
structures for the (D) P546 domain, (E) VS ribozyme, (F) RNase P catalytic domain, and (G) group II 
intron. The five models most similar to the centroid (including the centroid) of the largest cluster were 
taken as representative of the modeling simulation. Structures are colored by major helical elements. 
Modeled and accepted structures are shown with transparent and solid backbone traces, respectively. 
RMSD100 values report a length normalized RMSD32. Regions not visualized in accepted structures are 




SHAPE-JuMP embraces two distinctive features informed by our previous work. First, 
experience with other RNA structure probing technologies has revealed that the sensitivity and 
accuracy of detection of chemical adducts in RNA is strongly dependent on the directness of the 
strategy used to record the chemical event in a sequencing readout. In SHAPE-JuMP, sites of 
crosslinking are read out in a single direct step in which an engineered reverse transcriptase 
extends through a crosslink site and permanently records this site as a deletion in the synthesized 
cDNA. Second, the crosslinking reagent, TBIA, reacts with a generic site in the RNA, the 2'-
hydroxyl, such that nearly all high-frequency crosslinks report higher-order proximity 
interactions corresponding to multi-helix junctions or through-space helix packing and other 
tertiary interactions. 
SHAPE-JuMP thus has unique features relative to the current generation of crosslinking 
approaches, which are read out by high-throughput sequencing. Current approaches for 
identifying RNA-RNA interactions use UV-mediated psoralen crosslinking, and primarily detect 
secondary structure34–39. For in-cell psoralen methods, crosslink sites are read out by complex 
ligation strategies, and psoralen shows marked sequence and structural preferences11,37,38,40. The 
JuMP strategy can be used to read out multiple classes of crosslinks directly41 and will likely 
prove a foundational strategy for future high-throughput RNA tertiary structure discovery 
technologies. 
SHAPE-JuMP has a strong propensity toward identifying two classes of through-space 
interactions. First, SHAPE-JuMP detected multiple interactions across every multi-helix junction 
present in the RNAs of known structure evaluated here (10 junctions across four RNAs). This 
property of SHAPE-JuMP will likely prove impactful in future work as RNAs with multihelix 
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junctions are highly overrepresented among biologically functional RNAs and are difficult to 
model without information beyond just their sequence. Second, SHAPE-JuMP measures 
through-space interactions between an unpaired loop and either a second loop or a closely 
packed helix. These interactions are especially valuable in modeling large RNAs with globular 
folds. In addition, identification of RNA regions with dense SHAPE-JuMP interactions will 
likely allow de novo identification of novel higher-order structure motifs. 
SHAPE-JuMP holds promise for in-solution analysis of the global folds of large RNAs. 
Median through-space distances measured by SHAPE-JuMP are about 23 Å. This distance is 
independent of the size of the RNA in our test set, which range in length from 158 to 412 
nucleotides. The 23 Å distance is comparable to the width of an RNA helix but longer than the 
approximately 7 Å distance between the reactive carbonyl sites in TBIA, indicating that 
detection of through-space interactions is governed, in part, by features beyond simple physical 
proximity, likely reflective of RNA flexibility and dynamics. Here we showed that SHAPE-
JuMP restrained DMD modeling performed roughly as well as other current modeling methods 
on two smaller RNAs8,23,42–45, the P546 domain and VS ribozyme, and outperformed prior data-
driven modeling efforts for the RNase P catalytic domain (including prior work from our 
lab)8,42,46 and variants of the group II intron47,48. There are two additional promising features of 
SHAPE-JuMP directed interrogation of large-scale RNA structure. First, VS lacks long-range 
tertiary interactions and does not have a compact topology, and SHAPE-JuMP restraints did not 
suggest tertiary structure where none exists. Second, modeling accuracy, as measured by the 
length-normalized RMSD100, remained roughly constant despite the variety of architectures 
modeled and the large size of the group II intron (412 nts), suggesting that SHAPE-JuMP-
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directed modeling will specifically prove useful for discovery and modeling of large RNA 




A sample of 500 mg (2.55 mmol) of 2,5-diaminoterephthalic acid (Sigma-Aldrich c/n 
717312) was dissolved in 11 mL fresh anhydrous dioxane (Acros Organics) under nitrogen in a 
stirred three-neck round-bottom flask with a condenser. Next, 0.5 mL (4.18 mmol) of diphosgene 
was added dropwise, and the flask was heated to 90 °C for 2 h. A second addition of 0.25 mL 
(2.09 mmol) diphosgene was added dropwise, the temperature increased to 95 °C, and the 
reaction continued for a further 3 h. The reaction was then chilled to 4 °C in an ice bath, 
precipitating the product. The precipitate was filtered in a vacuum flask, washed several times 
with anhydrous diethyl ether, and dried under vacuum at room temperature. Reactions using 
diphosgene were performed in a well-functioning hood, all waste was neutralized with a 
saturated sodium bicarbonate solution. The final product was a green solid, 70% yield [1H NMR: 
(D6-DMSO) 11.9 (2 NH s), 7.6 (2 ArH s)]. 
 
TBIA hydrolysis 
Hydrolysis rates were determined using a cuvette reader (Nanodrop 2000) preheated to 37 
°C. Reactions were initiated by adding 900 µL pre-warmed 1´ folding buffer (100 mM HEPES, 
pH 8.0; 100 mM NaCl, 10 mM MgCl2) to 100 µL 400 nM TBIA in DMSO. Spectra were acquired 
continuously for 11 min. During this time period, a narrow peak at 296 nm was lost, and a broad 
peak centered at 425 nm shifted left to 395 nm. Absorbance at 296 nm was biphasic, consistent 
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with two hydrolysis processes for the reaction; a double-exponential decay model was used to fit 
the data: 
𝑌 = #𝑌! − 𝑌"#$%&%(𝑓"%'()𝑒)*!"#$∗( + (𝑌! − 𝑌"#$%&)(1 − 𝑓"%'()𝑒)*#%&'∗( 
where 𝑌! and 𝑌"#$%& are the initial and final absorbance, ffast is the fraction of signal associated with 
the fast rate (ideal=0.5), 𝑘"%'( and 𝑘'&,- are the rate constants for each of the sites, and 𝑡 is time 
in seconds. Data were analyzed in Prism 8. 
 
Reverse transcriptase polymerase 
The reverse transcriptase RT-C8 was selected using in vitro mutagenesis and optimized 
using compartmentalized bead labeling14 starting with the previously developed relaxed fidelity, 
XNA incorporating, reverse transcriptase RT521K15, itself derived from the T. gorgonarius 
replicative polymerase49,50. Large-scale expression and purification of the RT-C8 was performed 
as described51. Briefly, RT-C8 was expressed in BL21 CodonPlus-RIL E. coli cells (Agilent 
Technologies); protein expression was induced at mid-log phase (OD600 of 0.4-0.6) with 
anhydrotetracycline (0.4 µg/mL final concentration) for 4 h at 37 °C. A 1-L culture was 
harvested by centrifugation and resuspended in 10 mL Lysis buffer A [50 mM Tris-HCl (pH 
7.4), 1% glucose (w/v)] plus 30 mL Lysis buffer B [10 mM Tris-HCl (pH 7.4), 50 mM KCl, 
0.5% NP40, 0.1% Triton X-100], and 10 mL 5 M NaCl, and lysed by incubation at 75 °C for 30 
min. Cell debris was pelleted by centrifugation, and the lysate was diluted 20-fold with running 
buffer [50 mM NaCl, 10% glycerol, 0.02% NaN3, 20 mM Tris-HCl (pH 7.4)] and loaded onto a 
DEAE Sephadex A-25 column (GE Life Sciences) equilibrated in running buffer. The flow-
through was collected and loaded directly onto an equilibrated HiPrep Heparin FF 16/10 column 
(GE Life Sciences). The heparin column was washed with running buffer, and a linear gradient 
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from 50 mM to 1 M NaCl was used to elute bound protein. RT-C8 typically eluted at 0.5 M 
NaCl. The protein was exchanged into 2´ polymerase storage buffer [1 M KCl, 2 mM EDTA; 20 
mM Tris-HCl (pH 7.4)] by filter dialysis (Amicon Ultra-15 Centrifugal Filter Unit, 50 kDa 
cutoff, MerckMillipore) and stored in 50% glycerol at -20 °C. 
 
In vitro RNA transcript synthesis and folding 
DNA templates (source: Integrated DNA Technologies) for all RNAs were synthesized 
with the addition of 5¢ and 3¢ structure cassettes6. RNAs were transcribed in vitro with T7 
polymerase [40 mM Tris (pH 8.0), 25 mM MgCl2, 2.5 mM spermidine, 0.01% (vol/vol) Triton 
X-100, 10 mM DTT, 2.5 mM each NTP, 15 ng/µl PCR generated template, 0.05 mg/ml T7 RNA 
Polymerase; 37 °C; 4 h], and the RNA product was treated with TURBO DNase (Invitrogen). 
Products were purified and exchanged into 0.5´ TE buffer [(10 mM Tris (pH 8.0), 1 mM 
EDTA)] (RNAClean XP beads, Agencourt). RNAs were refolded by heating for 1 min at 95 °C, 
placing on ice for 5 min, and incubating at 37 °C for 30 min. Folding buffers were: P546 intron 
domain [100 mM HEPES (pH 7.5), 100 mM NaCl, 10 mM MgCl2]42, M-Box riboswitch and 
RNase P catalytic domain [100 mM HEPES (pH 8.0), 100 mM NaCl, 10 mM MgCl2]52, VS 
ribozyme [200 mM HEPES (pH 8.0), 50 mM KCl, 10 mM MgCl2]53, and group II intron [90 mM 
HEPES (pH 8.0), 90 mM KCl, 115 mM MgCl2]42. 
 
Visualization of crosslinked RNA by gel electrophoresis 
Folded RNA was treated with one-tenth volume 40 mM TBIA dissolved in DMSO, IA 
dissolved in DMSO, or neat DMSO, and incubated at 37 °C for 15 min. Reactions were purified 
using a G-50 spin column (GE Healthcare). The RNA was quantified (QuBit RNA Broad Range 
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assay). An aliquot containing 200 ng RNA was denatured in equal volume of loading buffer 
[95% deionized formamide, 0.025% (w/v) bromophenol blue, 0.025% (w/v) xylene cyanol, 5 
mM EDTA] at 95 °C for 2 min. The denatured RNA was loaded into a denaturing acrylamide gel 
(15% TBE-urea, ThermoFisher) and resolved in 1´ TBE running buffer [89 mM Tris-borate (pH 
8.3), 2 mM EDTA] at 180 V for 8 h at 4 °C. The gel was stained (30 min with 1´ GelStar stain in 
TBE; Lonza) and imaged using a UV transilluminator. 
 
Crosslinking, reverse transcription, and sequencing library preparation 
After folding, 5 pmol of RNA in folding buffer were added to 40 mM TBIA, IA, or neat 
DMSO at 10:1 vol/vol. The samples were incubated at 37 °C for 15 min for TBIA, 30 min for 
IA, and 30 min for no-reagent controls; the incubation times were chosen to be 5 half-lives of the 
reagent. Samples were desalted (G-50 spin columns, GE Healthcare). RNAs were incubated with 
10 pmol of primer specific to the 3' structure cassette6 at 95 °C for 1 min and then placed on ice. 
Samples were then subjected to reverse transcription [20 mM Tris-HCl (pH 8.8), 10 mM 
(NH4)2SO4, 10 mM KCl, 2 mM MgCl2, 0.1% (vol/vol) Triton X-100, 200 µM dNTPs, 0.04 
mg/ml RT-C8] at 65 °C for 4 h. Samples were desalted (G-50 spin column, GE Healthcare). 
cDNA product was amplified and barcoded via a 2-step PCR approach52 using a high fidelity 
DNA polymerase (Q5 hot-start, NEB). In step 1, 12 µl of the 50 µl reverse transcription reaction 
was amplified in a 50-µl PCR reaction for 25 cycles with forward and reverse primers containing 
Illumina sequencing adapters. Excess primer was removed (DNA beads at a 1:1 sample to bead 
ratio; Ampure DNA Beads, Agencourt). In step 2, step 1 product was diluted to 0.5 ng/µl, and 1 
ng was subjected to 10-cycle PCR using primers that complementary to Illumina sequencing 
adapters that contained TruSeq (Illumina) barcodes to differentiate samples in the sequencer. 
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Primer-dimers and other short products were removed prior to sequencing (Ampure DNA beads, 
Agencourt; 1:1 sample to bead ratio).  
To identify the optimal RT enzyme, the above steps were performed for a diverse group 
of reverse transcriptase enzymes, including MMLV-M (Moloney Murine Leukemia Virus - 
Mutant) a mutant of MMLV reverse transcriptase with similar activity as SuperScript II, 
Marathon RT17, RT521K15, and RT-C814, except that NMIA was used as a monoadduct control; 
it was added at 40 mM concentration and incubated for 15 min at 37 °C. Further, the reverse 
transcriptase conditions were modified to correspond to the reported optimum for each enzyme. 
For MMLV-M, modified SHAPE-MaP reverse transcription conditions was used52. First, 7 pmol 
of treated RNA was incubated with 2 pmol of 3' structure cassette6 primer and 2 µmols of dNTPs 
at 65 °C for 5 min and then cooled to 4 °C for 2 min. Second, the RNA-primer mixture was 
incubated for 2 min at 25 °C in reverse transcription buffer, and then MMLV-M was added [final 
conditions: 50 mM Tris-HCl (pH 8.0), 75 mM KCl, 10 mM DTT, 1 M Betaine, 6 mM MnCl2, 
0.05 mg/ml MMLV-M]. Reverse transcription proceeded for 90 min at 42 °C followed by 10 
cycles between 2 min at 50 °C and 2 min at 42 °C. The reaction was heated to 70 °C for 10 min 
to heat-inactivate the enzyme. For Marathon, a modified version of the reported optimal reverse 
transcription conditions was used17; 0.25 pmol treated RNA was incubated with 0.2 pmol 3' 
structure cassette6 primer at 95 °C for 30 s and placed on ice. Incubated RNA-primer was then 
subjected to reverse transcription [50 mM Tris-HCl (pH 8.0), 100 mM KCl, 2 mM MgCl2, 5 mM 
DTT, 500 µM dNTPs, 0.5 µM MarathonRT] at 42 °C for 1 h. The reaction was stopped by 
heating in 300 mM NaOH at 95 °C for 5 min, and the reaction was neutralized with an 
equivalent amount of HCl. For RT521K, the reverse transcription reaction was identical to that 
used for RT-C8 except that 2 mM MgCl2 was substituted for 2 mM MnCl2. 
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Sequencing and data analysis 
Samples were sequenced on an Illumina MiSeq instrument using a 300-nt kit for P546, 
M-Box, and VS, a 500-nt kit for RNase P, and a 600-nt kit for group II; kit sizes provided full 
coverage of the target sequence. A minimum read depth of 500,000 was achieved for all samples. 
FASTQ files were trimmed, left to right, of any nucleotides with an average Q score 10 or less in 
a window of 5 nt, as described52. Reads were aligned with BWA-MEM54. Custom Python scripts 
were used to identify deletions longer than 10 nt. Deletion counts were normalized by the square 
root of the square of median read depth across a 5-nt window at the 5¢ and 3¢ ends of the 
deletion; the rate of a given deletion in the control sample was subtracted from the deletion rate 
in the crosslinked sampled. Of note, the M-Box RNA was examined in this work (see Fig. 2.4) 
but had a prohibitively low deletion rate and was excluded from further analyses. All 
computational analysis tools were packaged into a single pipeline; scripts are available at 
weekslab.com. Full independent replicates of all SHAPE-JuMP experiments were performed in 
parallel. Replicates were reproducible as determined by comparing overall deletion rates (Fig. 
2.4), correlating individual deletion rates and locations (Fig. 2.6), and analyzing three-
dimensional distance distributions (Fig. 2.7) between replicate samples. 
 
Analysis of significance of through-space distance measurements 
Random sampling was used to access whether observed distributions of three-
dimensional crosslinking distances were distinct from the distribution of distances from the RNA 
tertiary structure. For each RNA, 1,000,000 random internucleotide distances were sampled from 
the reference structure. The random internucleotide distances were sampled such that the 
distribution of sequence lengths followed the same deletion length distribution as observed for 
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the most frequent three percent of TBIA-induced deletions. A Kolmogorov-Smirnov test was 
performed to test if the sampled and experimentally observed distance distributions were 
significantly distinct from each other, as quantified by the Kolmogorov-Smirnov statistic D. D 
measures the degree of separation between two distributions on a scale of 0 to 1, where a value 
of 0 indicates that the two sample distributions are sampled from the same population 
distribution, and 1 indicates that the two distributions are distinct. 
 
Restraint-directed three-dimensional structure modeling 
Three-dimensional RNA structure modeling was performed using the DMD iFoldRNA 
framework55,56. Models for all RNAs were generated identically, with the exception that DMD 
steps were doubled for the group II intron RNA, due to its larger size. Modeling was performed 
in three steps. In Step 1, a linear, unstructured model was generated, composed of all residues in 
the RNA, in which each nucleotide was represented by beads for the phosphate, ribose, and 
nucleobase moieties. A 400,000-step molecular dynamics simulation was performed with 
canonical base pairs restrained based on the accepted secondary structure. Eight identical sets of 
ten replicas were run with replica temperature factor values of 0.22, 0.24, 0.26, 0.28, 0.30, 0.32, 
0.34, 0.36, 0.38 and 0.40 kT. Each set had a unique random seed.  Structures extracted from all 
eight sets were ranked based on their respective free energies, and the 1% lowest free energy 
structures were clustered using a 15-Å RMSD cutoff. The centroids of the eight largest clusters 
were then used to seed the eight replica sets of the next step.  Step 2 was performed with the 
same parameters as Step 1, except that modeling iterations were reduced to 200,000 and SHAPE-
JuMP internucleotide interactions at multi-helix and external junctions were applied as energy 
bonuses (Fig. 2.14B). A -0.12 kcal/mol energy bonus was applied whenever two SHAPE-JuMP-
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identified internucleotide interactions were less than a defined through-space distance. 
Internucleotide interactions observed between single-stranded regions of a junction or between a 
single-stranded region and a closing junction base pair were ascribed the energy bonus when the 
paired nucleotides were within 30 and 35 Å, respectively (see Fig. 2.14C). Internucleotide 
distances used as restraints were filtered by secondary structure proximity as described 
previously8 to prevent artifactual disruption of base pairs by the restraints. Briefly, each SHAPE-
JuMP contact was defined as nucleotide positions ni and nj and compared against all base pairs, 
with each base pair defined as positions mi and mj. If |ni – mi| + |nj – mj| < 4, the contact was not 
included8. An energy bonus was also applied to each of the first three base pairs of helices 
branching from a junction (Fig. 2.14B) for branching pairs within 8.6 to 8.9 Å. Step 3 was 
executed similarly to Step 2, with the addition that high-frequency tertiary SHAPE-JuMP 
internucleotide interactions were included as restraints. Nucleotides involved in SHAPE-JuMP 
interactions within the most frequent 5, 3, 1, and 0.5% of deletion rates were awarded an energy 
bonus when the participating nucleotides were within 50, 45, 40, and 35 Å, respectively (Fig. 
2.14C and 2.10). These contacts were filtered by secondary structure proximity, as described 
above, using a distance of 11 instead of 4; this step removed restraints that reflect local 
secondary structure rather than tertiary structure. At the end of Step 3, the 1% lowest free energy 
structures were extracted from all eight sets and clustered with an RMSD cutoff for each RNA 
equal to the sequence length divided by 10 as previously described57. The centroid structure of 
the largest cluster and four models most similar to the centroid were subject to all-atom 




RMSD values for RNA structures modeled using SHAPE-JuMP restraints were 
calculated both using the standard definition of RMSD based on the positions of all atoms: 





and also based on normalizing this value to an RNA of 100 nucleotides (RMSD100)32: 
 RMSD100 = 0123)4.67!.8	 :; $ 
where d is the distance between a pair of equivalent atoms and n is the total number of atoms in 




1.  Cech TR, Steitz JA. The noncoding RNA revolution-trashing old rules to forge new ones. 
Cell. 2014;157(1):77-94. doi:10.1016/j.cell.2014.03.008 
2.  Mortimer SA, Kidwell MA, Doudna JA. Insights into RNA structure and function from 
genome-wide studies. Nat Rev Genet. 2014;15(7):469-479. doi:10.1038/nrg3681 
3.  Montange RK, Batey RT. Riboswitches: emerging themes in RNA structure and function. 
Annu Rev Biophys. 2008;37:117-133. doi:10.1146/annurev.biophys.37.032807.130000 
4.  Mustoe AM, Busan S, Rice GM, et al. Pervasive Regulatory Functions of mRNA 
Structure Revealed by High-Resolution SHAPE Probing. Cell. 2018;173(1):181-195.e18. 
doi:10.1016/j.cell.2018.02.034 
5.  Boerneke MA, Ehrhardt JE, Weeks KM. Physical and Functional Analysis of Viral RNA 
Genomes by SHAPE. Annu Rev Virol. 2019;6(1):93-117. doi:10.1146/annurev-virology-
092917-043315 
6.  Merino EJ, Wilkinson KA, Coughlan JL, Weeks KM. RNA structure analysis at single 
nucleotide resolution by selective 2’-hydroxyl acylation and primer extension (SHAPE). J 
Am Chem Soc. 2005;127(12):4223-4231. doi:10.1021/ja043822v 
7.  Siegfried NA, Busan S, Rice GM, Nelson JA, Weeks KM. RNA motif discovery by 
SHAPE and mutational profiling (SHAPE-MaP). Nat Methods. 2014;11(9):959-965. 
doi:10.1038/nmeth.3029 
8.  Homan PJ, Favorov O V, Lavender CA, et al. Single-molecule correlated chemical 
probing of RNA. Proc Natl Acad Sci U S A. 2014;111(38):13858-13863. 
doi:10.1073/pnas.1407306111 
9.  Mustoe AM, Lama NN, Irving PS, Olson SW, Weeks KM. RNA base-pairing complexity 
in living cells visualized by correlated chemical probing. Proc Natl Acad Sci U S A. 
2019;116(49):24574-24582. doi:10.1073/pnas.1905491116 
10.  Sengupta A, Rice GM, Weeks KM. Single-molecule correlated chemical probing reveals 
large-scale structural  communication in the ribosome and the mechanism of the antibiotic 
spectinomycin in living cells. PLoS Biol. 2019;17(9):e3000393. 
doi:10.1371/journal.pbio.3000393 
11.  Weeks KM. Review toward all RNA structures, concisely. Biopolymers. 2015;103(8):438-
448. doi:10.1002/bip.22601 
12.  Smola M, Calabrese JM, Weeks KM. Detection of RNA-protein interactions in living 
cells with SHAPE. Biochemistry. 2015;54(46):6867-6875. 
doi:10.1021/acs.biochem.5b00977 
13.  Busan S, Weidmann CA, Sengupta A, Weeks KM. Guidelines for SHAPE Reagent 
 57 
Choice and Detection Strategy for RNA Structure Probing Studies. Biochemistry. 
2019;58(23):2655-2664. doi:10.1021/acs.biochem.8b01218 
14.  Houlihan G, Arangundy-Franklin S, Porebski BT, Subramanian N, Taylor AI, Holliger P. 
Discovery and evolution of RNA and XNA reverse transcriptase function and fidelity. Nat 
Chem. 2020;12(8):683-690. doi:10.1038/s41557-020-0502-8 
15.  Pinheiro VB, Taylor AI, Cozens C, et al. Synthetic genetic polymers capable of heredity 
and evolution. Science. 2012;336(6079):341-344. doi:10.1126/science.1217622 
16.  Suslov NB, DasGupta S, Huang H, et al. Crystal structure of the Varkud satellite 
ribozyme. Nat Chem Biol. 2015;11(11):840-846. doi:10.1038/nchembio.1929 
17.  Zhao C, Liu F, Pyle AM. An ultraprocessive, accurate reverse transcriptase encoded by a 
metazoan group II intron. RNA. 2018;24(2):183-195. doi:10.1261/rna.063479.117 
18.  Kazantsev A V, Krivenko AA, Pace NR. Mapping metal-binding sites in the catalytic 
domain of bacterial RNase P RNA. RNA. 2009;15(2):266-276. doi:10.1261/rna.1331809 
19.  Cate JH, Gooding AR, Podell E, et al. Crystal Structure of a Group I Ribozyme Domain: 
Principles of RNA Packing. Science. 1996;273(5282):1678-1685. 
doi:10.1126/science.273.5282.1678 
20.  Toor N, Keating KS, Fedorova O, Rajashankar K, Wang J, Pyle AM. Tertiary architecture 
of the Oceanobacillus iheyensis group II intron. RNA. 2010;16(1):57-69. 
doi:10.1261/rna.1844010 
21.  Fang XW, Pan T, Sosnick TR. Mg2+-dependent folding of a large ribozyme without 
kinetic traps. Nat Struct Biol. 1999;6(12):1091-1095. doi:10.1038/70016 
22.  McGinnis JL, Dunkle JA, Cate JHD, Weeks KM. The mechanisms of RNA SHAPE 
chemistry. J Am Chem Soc. 2012;134(15):6617-6624. doi:10.1021/ja2104075 
23.  Miao Z, Adamiak RW, Antczak M, et al. RNA-Puzzles Round III: 3D RNA structure 
prediction of five riboswitches and one ribozyme. RNA. 2017;23(5):655-672. 
doi:10.1261/rna.060368.116 
24.  Miao Z, Adamiak RW, Antczak M, et al. RNA-Puzzles Round IV: 3D structure 
predictions of four ribozymes and two aptamers. RNA. 2020;26(8):982-995. 
doi:10.1261/rna.075341.120 
25.  Ponce-Salvatierra A, Astha, Merdas K, et al. Computational modeling of RNA 3D 
structure based on experimental data. Biosci Rep. 2019;39(2). doi:10.1042/BSR20180430 
26.  Li B, Cao Y, Westhof E, Miao Z. Advances in RNA 3D Structure Modeling Using 
Experimental Data. Front Genet. 2020;11:574485. doi:10.3389/fgene.2020.574485 
27.  Ding F, Sharma S, Chalasani P, Demidov V V, Broude NE, Dokholyan N V. Ab initio 
 58 
RNA folding by discrete molecular dynamics: from structure prediction to folding 
mechanisms. RNA. 2008;14(6):1164-1173. doi:10.1261/rna.894608 
28.  Gherghe CM, Leonard CW, Ding F, Dokholyan N V, Weeks KM. Native-like RNA 
tertiary structures using a sequence-encoded cleavage agent and refinement by discrete 
molecular dynamics. J Am Chem Soc. 2009;131(7):2541-2546. doi:10.1021/ja805460e 
29.  Brion P, Westhof E. Hierarchy and dynamics of RNA folding. Annu Rev Biophys Biomol 
Struct. 1997;26:113-137. doi:10.1146/annurev.biophys.26.1.113 
30.  Hajdin CE, Bellaousov S, Huggins W, Leonard CW, Mathews DH, Weeks KM. Accurate 
SHAPE-directed RNA secondary structure modeling, including pseudoknots. Proc Natl 
Acad Sci U S A. 2013;110(14):5498-5503. 
31.  Beattie TL, Olive JE, Collins RA. A secondary-structure model for the self-cleaving 
region of Neurospora VS RNA. Proc Natl Acad Sci U S A. 1995;92(10):4686-4690. 
doi:10.1073/pnas.92.10.4686 
32.  Carugo O, Pongor S. A normalized root-mean-square distance for comparing protein 
three-dimensional  structures. Protein Sci. 2001;10(7):1470-1473. doi:10.1110/ps.690101 
33.  Toor N, Keating KS, Taylor SD, Pyle AM. Crystal structure of a self-spliced group II 
intron. Science. 2008;320(5872):77-82. doi:10.1126/science.1153803 
34.  Lu Z, Zhang QC, Lee B, et al. RNA Duplex Map in Living Cells Reveals Higher-Order 
Transcriptome Structure. Cell. 2016;165(5):1267-1279. doi:10.1016/j.cell.2016.04.028 
35.  Aw JGA, Shen Y, Wilm A, et al. In Vivo Mapping of Eukaryotic RNA Interactomes 
Reveals Principles of Higher-Order Organization and Regulation. Mol Cell. 
2016;62(4):603-617. doi:10.1016/j.molcel.2016.04.028 
36.  Sharma E, Sterne-Weiler T, O’Hanlon D, Blencowe BJ. Global Mapping of Human RNA-
RNA Interactions. Mol Cell. 2016;62(4):618-626. doi:10.1016/j.molcel.2016.04.030 
37.  Ziv O, Gabryelska MM, Lun ATL, et al. COMRADES determines in vivo RNA structures 
and interactions. Nat Methods. 2018;15(10):785-788. doi:10.1038/s41592-018-0121-0 
38.  Weidmann CA, Mustoe AM, Weeks KM. Direct Duplex Detection: An Emerging Tool in 
the RNA Structure Analysis Toolbox. Trends Biochem Sci. 2016;41(9):734-736. 
doi:10.1016/j.tibs.2016.07.001 
39.  Graveley BR. RNA Matchmaking: Finding Cellular Pairing Partners. Mol Cell. 
2016;63(2):186-189. doi:10.1016/j.molcel.2016.07.001 
40.  Lu Z, Chang HY. The RNA Base-Pairing Problem and Base-Pairing Solutions. Cold 
Spring Harb Perspect Biol. 2018;10(12). doi:10.1101/cshperspect.a034926 
41.  Christy TW, Giannetti CA, Laederach A, Weeks KM. Identifying proximal RNA 
 59 
interactions from cDNA-encoded crosslinks with ShapeJumper. Submitted. 2021. 
42.  Ding F, Lavender CA, Weeks KM, Dokholyan N V. Three-dimensional RNA structure 
refinement by hydroxyl radical probing. Nat Methods. 2012;9(6):603-608. 
doi:10.1038/nmeth.1976 
43.  Jonikas MA, Radmer RJ, Laederach A, et al. Coarse-grained modeling of large RNA 
molecules with knowledge-based potentials and structural filters. RNA. 2009;15(2):189-
199. doi:10.1261/rna.1270809 
44.  Parisien M, Major F. Determining RNA three-dimensional structures using low-resolution 
data. J Struct Biol. 2012;179(3):252-260. doi:10.1016/j.jsb.2011.12.024 
45.  Watkins AM, Rangan R, Das R. FARFAR2: Improved De Novo Rosetta Prediction of 
Complex Global RNA Folds. Structure. 2020;28(8):963-976. 
doi:10.1016/j.str.2020.05.011 
46.  Kerpedjiev P, Höner Zu Siederdissen C, Hofacker IL. Predicting RNA 3D structure using 
a coarse-grain helix-centered model. RNA. 2015;21(6):1110-1121. 
doi:10.1261/rna.047522.114 
47.  Costa M, Michel F, Westhof E. A three-dimensional perspective on exon binding by a 
group II self-splicing intron. EMBO J. 2000;19(18):5007-5018. 
doi:10.1093/emboj/19.18.5007 
48.  Dai L, Chai D, Gu S-Q, et al. A three-dimensional model of a group II intron RNA and its 
interaction with the intron-encoded reverse transcriptase. Mol Cell. 2008;30(4):472-485. 
doi:10.1016/j.molcel.2008.04.001 
49.  Gardner AF, Jack WE. Acyclic and dideoxy terminator preferences denote divergent sugar 
recognition by archaeon and Taq DNA polymerases. Nucleic Acids Res. 2002;30(2):605-
613. 
50.  Fogg MJ, Pearl LH, Connolly BA. Structural basis for uracil recognition by archaeal 
family B DNA polymerases. Nat Struct Biol. 2002;9(12):922-927. doi:10.1038/nsb867 
51.  Ramsay N, Jemth AS, Brown A, Crampton N, Dear P, Holliger P. CyDNA: synthesis and 
replication of highly Cy-dye substituted DNA by an evolved polymerase. J Am Chem Soc. 
2010;132(14):5096-5104. doi:10.1021/ja909180c 
52.  Smola MJ, Rice GM, Busan S, Siegfried NA, Weeks KM. Selective 2’-hydroxyl acylation 
analyzed by primer extension and mutational profiling (SHAPE-MaP) for direct, versatile 
and accurate RNA structure analysis. Nat Protoc. 2015;10(11):1643-1669. 
doi:10.1038/nprot.2015.103 
53.  Hiley SL, Collins RA. Rapid formation of a solvent-inaccessible core in the Neurospora 
Varkud satellite ribozyme. EMBO J. 2001;20(19):5461-5469. 
doi:10.1093/emboj/20.19.5461 
 60 
54.  Li H, Durbin R. Fast and accurate long-read alignment with Burrows-Wheeler transform. 
Bioinformatics. 2010;26(5):589-595. doi:10.1093/bioinformatics/btp698 
55.  Sharma S, Ding F, Dokholyan N V. iFoldRNA: three-dimensional RNA structure 
prediction and folding. Bioinformatics. 2008;24(17):1951-1952. 
doi:10.1093/bioinformatics/btn328 
56.  Krokhotin A, Houlihan K, Dokholyan N V. iFoldRNA v2: folding RNA with constraints. 
Bioinformatics. 2015;31(17):2891-2893. doi:10.1093/bioinformatics/btv221 
57.  Boniecki MJ, Lach G, Dawson WK, et al. SimRNA: a coarse-grained method for RNA 






CHAPTER 3: IDENTIFYING PROXIMAL RNA INTERACTIONS FROM CDNA-
ENCODED CROSSLINKS WITH SHAPEJUMPER 
 
Introduction 
RNA molecules form multiple levels of intra- and inter-molecular higher order structure, 
and these structures often have important functions. Secondary structures form via base pairing, 
and secondary structures may further fold into compact tertiary structures mediated by 
interactions involving canonically or non-canonically paired nucleotides1,2. Developing robust 
models of RNA secondary and tertiary structure is an important first step in understanding the 
underlying function of an RNA, and defining well-determined structures can lead to 
identification of novel functional elements3,4. Notable progress has been made using chemical 
probing experiments to broadly and accurately map biologically relevant secondary structures5–7. 
In contrast, efficient experimental mapping tertiary interactions remains a challenging, 
unresolved problem8,9, although notable progress is being made10–12.  
In principle, RNA crosslinking should be able to identify short through-space 
interactions. Chemical probes such as psoralen analogs13–16, formaldehyde17,18 and bis-
succinimidyl esters18, and short wavelength ultraviolet (UV) irradiation18–20 have been used to 
crosslink interacting nucleotides. In practice, identifying the precise locations of RNA crosslinks 
is difficult8,9,21. Recent, potentially high-throughput, methods to read out RNA-RNA crosslinks 
rely on variants of proximity ligation to identify crosslinked nucleotides13–20. Typically, RNAs 
are crosslinked and then some combination of RNA fragmentation, crosslink capture, and 
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enrichment is used to obtain linked RNAs whose ends are close to the site of the crosslink. After 
ligation of adapter sequences to these ends, the sequences are determined by massively parallel 
sequencing. These adapter-ligation methods yield a rough approximation of crosslink location 
with a resolution of plus-or-minus ten nucleotides at best9,21, with the calculations of overall 
abundance biased by the complex multi-step ligation and library preparation steps required prior 
to sequencing8,22. In addition, commonly used crosslinking reagents and UV irradiation both 
have strong sequence and structural selectivity, such that observed crosslinks detect only a small 
fraction of intermolecular RNA interactions. 
We recently introduced a strategy we call SHAPE-JuMP (for selective 2'-hydroxyl 
acylation analyzed by primer extension and juxtaposed merged pairs)23 in which nucleotides in 
close three-dimensional proximity are crosslinked with a bi-reactive reagent (Fig. 3.1A, left). 
Initial experiments used the crosslinker trans bis-isatoic anhydride (TBIA) (Fig. 3.1B, left). 
TBIA is a SHAPE reagent and, as such, reacts with the 2'-hydroxyl group of unconstrained 
nucleotides, largely independent of nucleotide identity24. In SHAPE-JuMP, sites of crosslinking 
are recorded in a single direct step using an engineered reverse transcriptase (RT)25 that "jumps" 
across the crosslink during reverse transcription, creating a deletion in the resulting cDNA23. 
Deletion sites, and thus the positions of crosslinked nucleotides, are identified by massively 
parallel sequencing and alignment of the deletion-containing sequences. To control for non-
crosslink-mediated deletions, an experiment is performed in parallel with a reagent that yields 
mono-adduct containing RNAs (Fig. 3.1A, right). This control experiment is performed with 
isatoic anhydride (IA), a molecule with a structure similar to TBIA, but with only one reactive 
moiety (Fig. 3.1B, right). The JuMP strategy provides, in principle, a very simple, direct and 
experimentally concise readout of sites of crosslinking in RNA. Nonetheless, as currently 
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Figure 3.1: SHAPE-JuMP experimental overview. (A) RNA is crosslinked with a bi-
functional SHAPE or other reagent, and the site of crosslinking is recorded as a deletion in the 
cDNA generated by reverse transcription under specialized RT conditions (left). In parallel, a 
control reaction that induces a mono-adduct (or no adduct) in the RNA is used to provide a 
control for non-crosslink-induced deletions (right). The cDNA is sequenced to identify deletion 












implemented, there are important limitations: The crosslink-jumping RT enzyme generates 
cDNAs with high levels of internal mutations, complicating accurate alignment; the "landing" 
site may be several nucleotides away from the site of the crosslink; and crosslinks are not always 
jumped consistently. We therefore developed a bioinformatic pipeline, ShapeJumper, to process 
SHAPE-JuMP sequencing data with the goal of mitigating these limitations. 
The ShapeJumper pipeline identifies crosslinked nucleotides from sequencing data (Fig. 
3.2). Sequencing reads are first processed to remove low per-nucleotide quality scores and to 
merge overlapping reads. Reads are aligned using BWA-MEM26 with optimized parameters, as 
described in this work. The resulting alignment file is analyzed with a custom algorithm to 
identify deletion sites; during this process ambiguous deletions are removed and exact 
alignments are enforced at deletion sites to improve accuracy. Deletion rates are then normalized 
by read depth, and background rates for a non-crosslinked control are subtracted to correct for 
crosslink-independent deletions. ShapeJumper works well for most classes of crosslinking 
strategies, including SHAPE-based methods (TBIA), psoralen reagents, and UV irradiation. 
 
Results 
A preferred aligner for deletion analysis 
Aligning SHAPE-JuMP derived reads accurately is a unique problem. Individual reads 
may or may not have a deletion, the deletions may vary in length, and the rates of occurrence of 
deletions vary. The RT enzyme currently used in the SHAPE-JuMP strategy has the special 
ability to read across crosslinked sites but also has a high non-crosslink-related per-nucleotide 
mutation rate of 3-4%23, which makes alignment challenging. No aligner has been specifically 




































Figure 3.2: ShapeJumper overview. SHAPE-JuMP sequencing reads are processed for read 
quality, and paired reads (if used) are merged. Reads are aligned to a reference sequence, 
creating an initial set of candidate deletion sites. Candidate deletion sites are either identified 
from an alignment directly or inferred from two alignments separated by unaligned reference 
sequence. Deletion rates are normalized by the median read depth over the 5 nucleotides 
downstream of the 3' deletion site. Normalized rates are obtained by subtracting mono- or no-
adduct rates. 
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SHAPE-JuMP pipeline. BLAST, a sequence-comparison-focused algorithm, was selected as an 
example of a basic hash-table-based aligner27,28. YAHA, another hash-based aligner, was 
selected because it was optimized to detect genomic structural variants, including deletions, with 
no pre-requirements for prevalence or sequence-space information29. Hash-table aligners are 
slow but perform exhaustive searches of sequence space30,31. The other three aligner programs 
we evaluated are based on suffix/prefix tries (based on the Burrows Wheeler Transform 
algorithm). These aligners are faster and thus better equipped to process large numbers of 
inputted reads than are hash-table aligners30. Bowtie 2 was evaluated for its ability to process 
gapped alignments and accept mismatches32. BWA-MEM26 also allows for gapped alignments, is 
designed to handle sequencing errors robustly, and is optimized for reads of 100 to 1000 bp, the 
length generated in a SHAPE-JuMP experiment26. STAR was considered because it is an 
effective splice-site detection aligner31,33, and our thought was that SHAPE-JuMP deletions 
might share enough similarity to splice sites to make STAR suitable. Aligner programs were 
assessed using their default parameters, except small changes to Bowtie 2 and STAR (see 
Methods). 
We evaluated the ability of these aligners to detect SHAPE-JuMP deletions using a 
dataset of synthetic sequencing reads designed to mimic SHAPE-JuMP sequencing reads that 
contained known deletion locations. Two synthetic read datasets were created, a deletion set and 
a deletion-insertion set. Both datasets consist of reads with randomly placed deletions. The 
deletion-insertion set contained deletions with additional random insertions of 1 to 9 nucleotides 
within the deletion. The frequency of each insert length was sampled from a set of experimental 
reads. All reads in both sets contained sequence mutations that mirrored those observed in 
experimental SHAPE-JuMP reads. Mutations included mismatches, single-nucleotide insertions, 
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and single-nucleotide deletions, each at levels proportional to their occurrence in experimental 
reads.  These synthetic reads were analyzed using each of the five aligners, and the accuracies of 
the alignments were assessed by binning the observed deletions into one of three categories (Fig. 
3.3A): An exact match is defined as an alignment that predicts the site of the deletion correctly. 
Close matches are those for which predicted 5' and 3' borders of the deletion are within three 
nucleotides of the actual site. Incorrect alignments were those that exceeded these limits. BLAST 
had the highest level of exact and close matches, but it also had the highest level of incorrectly 
predicted deletion sites (Fig. 3.3B). STAR also had a high level of exact and close matches for 
the deletion read set but very few deletions were accurately predicted in the deletion-insertion 
set. Overall, BWA-MEM was the best performer in accurately identifying sites of deletions 
without introducing a bias against detecting deletions in sequences containing deletion-
insertions. BWA-MEM was thus used as the aligner in the SHAPE-JuMP pipeline.  
 
Alignment and deletion detection optimization 
BWA-MEM was incorporated into a proto-ShapeJumper pipeline and was optimized to 
address the low positive-predictive value (ppv) for a substantial subset of deletions in the 
synthetic deletion dataset (Fig. 3.4A). Here ppv is defined as the fraction of predicted deletions 
that occur in the synthetic data set, at a given set of coordinates. Default BWA-MEM scoring 
parameters26 were altered as follows: (i) the score penalty for mismatches (–B) was lowered from 
4 to 2 to account for the high mutation rate of reads; (ii) the deletion score penalty (–O) was 
decreased from 6 to 2 to accommodate high mutation rates and to promote alignment of longer 
deletions; and (iii) the scoring threshold (–T) was lowered from 30 to 15 and the initial seed (–k) 

























Figure 3.3: Accuracy analysis for candidate aligners. (A) Categories of aligned deletions. 
(B) Analysis of performance of a representative set of aligners on synthetic read datasets. 
Alignments were performed using two sets of synthetic data: containing deletions and 
deletion-insertions. The deletions set consists of reads with a randomly placed deletion 
whereas the deletion-insertions dataset also contained a 1-9 nucleotide sequence insertion at 
the deletion site. Both synthetic datasets contain point mutations reflective of those observed 
in experimental reads. Each synthetic dataset contained one million reads generated from an 

























































Figure 3.4: Alignment optimization. Interaction maps for deletion sites identified from the 
deletion dataset of synthetic reads for (A) BWA-MEM alignment with default parameters, (B) 
optimized algorithm. The optimized analysis incorporates custom BWA-MEM parameters, 
ambiguous site removal and exact edge matching. Points correspond to specific 5' and 3' 
deletion sites and are colored by the percent of total deletion sites correctly mapped to a 
specific nucleotide pair (see scale). (C) Summary of accuracies pre and post optimization for 
synthetic deletion (left) and deletion-insertion (right) datasets. 
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These changes substantially increased deletion site calling accuracy, increased the number of 
deletions in short sequencing reads that could be aligned, and reduced the fraction of deletions 
that were incorrectly aligned. 
Following these scoring alterations, there remained a systemic bias in the alignment of 
ambiguous deletions, defined as deletions where one site cannot be uniquely identified because 
the same nucleotide is present at both sides of the deletion (Fig. 3.5A). The scoring function used 
during alignment extension from the initial seed leads to the ambiguous nucleotide always being 
aligned before the gap opening, resulting in a directional bias in deletion-site detection. 
ShapeJumper therefore removes ambiguous deletions, which results in more accurate alignment 
of the neighboring, unambiguous deletions (Fig. 3.5B), and results in a roughly 20% increase in 
exact match detection. 
Deletion-insertions also exacerbate inaccurate deletion site assignments, if the insertion 
includes nucleotides matching the reference sequence within the region of a deletion (Fig. 3.5C). 
To mitigate insertion-induced misalignments, edge matching was enforced for all deletion sites 
such that three nucleotides on both sides of the deletion site are required to exactly match the 
reference. If this is not the case, the deletion site is moved one nucleotide to the exterior, and the 
removed nucleotide is identified as an insertion in the alignment. This process is repeated until 
all three nucleotides at the deletion site match the reference. Enforcing exact edge matching 
notably increased the accuracy of short deletion detection without compromising overall deletion 
detection (Fig. 3.5D). The combined effect of these optimizations, custom BWA-MEM 
parameters, ambiguous deletion removal and exact edge matching, notably increases deletion site 
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Figure 3.5: Effects of removing ambiguous deletions and enforcing exact edge matching. (A) 
Definition and example of an ambiguous deletion. An ambiguous deletion cannot be mapped to a unique 
site (left); an unambiguous deletion can (right). (B) Representative contact map of deletion sites from 
synthetic deletion read alignments containing (left) and without (right) ambiguous deletions. Ambiguous 
deletions enclosed in gray outline. Sites with no mapped deletions are white. Note extensive purple regions 
(0% ppv) are eliminated by removing ambiguous deletions. (C) Effect of enforcing exact edge matching (of 
3 nucleotides) at a deletion site that also contain an insert. (D) Representative contact map of deletion sites 
from synthetic deletion-insertion read alignments with ambiguous deletions removed without (left) and 
with (right) edge matching. Ambiguous deletions sites are removed in both cases. All contact maps (B, D) 
are colored on the same scale by the percent of deletions correctly mapped to a specific nucleotide pair 
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Experimental data-driven optimization of pipeline 
After optimizing the pipeline with synthetic data, the proto-ShapeJumper pipeline was 
used to process experimentally generated SHAPE-JuMP reads obtained from analyses of a set of 
small to large RNAs (158-412 nts): P546 group II intron domain, M-Box riboswitch, Varkud 
satellite ribozyme, RNase P catalytic domain, and group II intron23. Quality filtered and merged 
reads were aligned, the resulting alignments parsed to identify deletion sites, and deletion rates 
were normalized by the median read depth of the 5 nucleotides downstream of the 3' deletion site 
(Fig. 3.2). Normalization also enables comparison between samples, including the non-
crosslinked (IA) control. The normalized deletion rates observed in the non-crosslinked 
experiment are subtracted from those observed in the crosslinking experiment to control for non-
crosslink-induced deletions. Normalization thereby also removes outliers with high deletion rates 
(Fig. 3.6). After this background subtraction step, the most frequent deletions more accurately 
reflect a holistic view of proximal RNA-RNA interactions (Fig. 3.6C). Background 
normalization also yields increased area under curve (AUC) in receiver operating characteristic 
(ROC) curves for through-space interactions within 15 Å of each other for an RNA with 
complex higher-order structures (Fig. 3.6D). 
Long insertions in insertion-deletions are prevalent in experimental data and can 
contribute to alignment error. For example, for the RNase P RNA, approximately 50% of 
deletions contain an insertion of at least one nucleotide (Fig. 3.7, blue). Insertions were a 
substantial source of error in the synthetic read alignments, as evidenced by the difference in 
accuracy of predicting deletions compared to deletion-insertions (Fig. 3.4C). Insert length and 
deletion site assignment error are correlated. (Fig. 3.7, red). ShapeJumper therefore removes any 
reads containing a deletion with an insert size greater than 10, decrementing the count of 
 73 
  
Figure 3.6: Improvement in TBIA-specific deletion rate measurement upon background subtraction. 
(A) Comparison of distributions of normalized deletion rates for crosslinked (TBIA) and mono-adduct (IA) 
RNase P RNA experiments. RNase P data used here show trends found in all RNAs examined to date. (B) 
Distribution of crosslink-induced deletion rates after mono-adduct subtraction. (C) Deletion sites 
corresponding to the 3% most frequent deletion rates, pre and post mono-adduct subtraction. Deletion sites 
are mapped onto the reference tertiary structure43 and colored by the three-dimensional distance separating 
the crosslinked nucleotides. (D) Ability of ShapeJumper to identify short distance interactions. ROC curve 
comparison based on TBIA-mediated crosslinking of the RNase P RNA23. Tertiary contact identification is 
shown for raw TBIA deletion rates (blue) and for TBIA deletion rates after subtraction by the IA control 
(green).  Classifier: Inter-nucleotide distance less than 15 Å with a contact distance > 10 (see Methods). 
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deletions found at that site. Inserts longer than 10 nucleotides are infrequent so their removal had 
a small effect on the total number of deletions detected (Fig. 3.7, blue), and moderately improved 
deletion site detection. 
Finally, experimental SHAPE-JuMP data were analyzed to identify additional features 
that might improve the precision of detecting proximal interactions. The RT enzyme jumps the 
crosslink in the 3' to 5' direction (Fig. 3.8A), and it is possible that the nucleotides that physically 
form crosslinks are downstream of the 5' site or upstream of the 3' site. We examined this 
possibility by shifting the assigned 5' and 3' sites 0 to 5 nucleotides downstream and upstream, 
respectively, and examined the effect of these shifts on known through-space inter-nucleotide 
distances. Shifting the 5' crosslink site 2-nucleotides upstream (Fig. 3.8B) both increased the 
detection rate for tertiary interactions and decreased the through-space distance of reported 
interactions (Fig. 3.8C, 3.9).  
 
Applications of ShapeJumper 
ShapeJumper includes useful tools for troubleshooting and visualizing the results of RNA 
crosslinking experiments. ShapeJumper tools reports the distribution of deletion rates and filter 
deletions by sequence length, which requires only the primary sequence of the target RNA. 
ShapeJumper calculates contact distances of deletions, defined as the distance between 
nucleotides after omitting nested helices, which provides a measure of proximity in secondary 
structure versus primary sequence space34. ShapeJumper also provides visualization tools that 
facilitate efficient assessment of the quality of a crosslink strategy or experiment. Deletions can 
be plotted, at any level of frequency, on a secondary structure diagram (Fig. 3.10A). Given a 




Figure 3.7: Insert length effects on deletion site assignment accuracy and experimental 
deletion frequency. Misalignment distance is the sequence distance between assigned and 
known deletion end points. Mean misalignment distance (red line) as a function of insert 
length in red. Standard deviation of misalignment is shown by red shading. Observed 



















Figure 3.8: Effect of shifting deletion site assignment on through-space distance. (A) 
Relationship between crosslinked RNA and RT jumping. Directionality of reverse 
transcription and crosslink-induced steric hindrance can yield an offset at the 5' deletion site 
relative to crosslink position. (B) Deletion site adjustment to compensate for the mechanism 
of RT jumping. (C) Distance distribution of RNase P RNA SHAPE-JuMP data for unshifted 
(red) and shifted (blue) deletion assignments. Through-space distances are shown for the 
deletions corresponding to the most frequent 3% of deletions. Datasets were processed using 






Figure 3.9: Effect of 5' and 3' shifts in site assignment on measurement of through-space 
distances. Identification of short distance interactions, as examined by receiver operating 
characteristic (ROC) curve analysis. Classifier: Inter-nucleotide distance less than 15 Å with a 
contact distance > 10 (see Methods), based on normalized deletion rate. Mean area under 
curve (AUC) values for a set of SHAPE-JuMP experiments, performed using five model 
RNAs (see Methods), as a function of 5' or 3' shift, are shown. Red, white, and blue coloring 
indicate AUC below, at, or above mean AUC value. 
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Figure 3.10: ShapeJumper measures deletions obtained from alternate crosslinkers. Columns 
illustrate ShapeJumper analysis of experiments performed with the SHAPE reagent TBIA23 (left), the 
psoralen derivative AMT (middle), and short wavelength UV (right). Crosslinks were obtained with the 
RNase P catalytic domain RNA43; the 3% most frequent deletions are shown. (A) Deletions superimposed 
onto the secondary structure. Deletions observed in regions not visualized in the reference tertiary structure 
are gray. (B) Deletions superimposed onto a tertiary structure model. In panels (A) and (B) deletions, 
shown as lines, are colored by through-space distance between nucleotides. (C) Distance distribution of 
deletions. Distances as measured by crosslink-induced deletions are shown as colored lines; all possible 
distances are shown in gray. Distances were measured between ribose 2'-hydroxyl groups (left) or between 
central point of the nucleobase (middle and right).  
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through-space distance (Fig. 3.10B). Three-dimensional distances can be plotted for a given 
deletion rate and compared to the distance distribution expected by chance (Fig. 3.10C). 
The SHAPE-JuMP strategy and ShapeJumper software work for a wide variety of 
crosslinking reagents. We have successfully implemented ShapeJumper to evaluate RNA 
crosslinking experiments performed with TBIA, the psoralen derivative 4′-
aminomethyltrioxsalen hydrochloride (AMT), and short wavelength UV (Fig. 3.10). The patterns 
of observed deletions vary, reflecting the distinct underlying chemistry of each reagent but, 
overall, clearly map proximal sites in the large RNase P RNA.  We anticipate that most 
sequencing-based proximal-interaction identification methods13–20 can be processed and analyzed 




Deletion site identification optimization 
In principle, crosslinking represents a simple and direct way to map through-space 
interactions in RNA. In practice, the power of RNA crosslinking has been difficult to realize 
because of numerous challenges in detecting sites of crosslinks accurately, and at nucleotide  
resolution. Identification of an RT enzyme that has the distinctive activity of extending cDNA 
synthesis through the sites of crosslinks in RNA, revealing these sites as deletions in the cDNA, 
is an important experimental advance. The cDNA signals are complex, however, as the RT 
enzyme yields cDNAs with internal mutations, the landing sites may be several nucleotides away 
from the site of the crosslink, and the crosslink may cause termination of polymerization. The 
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ShapeJumper pipeline was designed to be aware of these challenges, to identify and quantify 
crosslink-mediated deletions, and to distinguish crosslink-induced deletions from other 
polymerase-mediated mutations.  
Deletion rates in a SHAPE-JuMP experiment can vary substantially between RNA targets 
and it is therefore important to identify infrequent deletions. ShapeJumper attempts to maximally 
predict deletion sites by allowing low alignment-score thresholds (Fig. 3.4B). Deletion rate 
variation and polymerase-mediated sequence deletions complicate reproducibility. ShapeJumper 
addresses these complicating features by normalizing deletion rates by read depth (Fig. 3.2). 
Finally, the deletion rates of a mono-adduct experiment are subtracted from crosslinked deletion 
rates to control for crosslink-independent RT-mediated deletions (Figs. 3.2 and 3.6C). 
ShapeJumper was optimized to maximize detection accuracy for the 5' and 3' deletion 
sites. The crosslinker used for SHAPE-JuMP in our exploratory studies spans ~7 Å between 
active sites (Fig. 3.1B, left column). Crosslinked nucleotides should be similarly close in three-
dimensional space. Misidentifying the deletion site by just one nucleotide increases the inferred 
distance by 10-15 Å35. Accuracies of five aligners were examined, using synthetic datasets with 
reads containing single-nucleotide mutations, deletions, and insertions, and insertions in the 
context of deletions (Fig. 3.3). Removing ambiguous deletions and forcing exact edge matching 
increased assignment accuracies (Fig. 3.4, 3.5). The net effect of our aligner choice and these 
optimization steps is a pipeline that accurately identifies sites of crosslinking, and thus RNA 
through-space interactions, as shown by analysis of data from a representative set of small and 
medium sized RNAs (Fig. 3.11) and for multiple classes of crosslinking experiments (Fig. 3.10). 
We note that parameter choices and optimization steps were tailored to the specific mutation and 
deletion characteristics of the RT-C825 enzyme, characterized for SHAPE-JuMP23. We think the 
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algorithm developed here will be effective for alternative jumping polymerases and reagents 
identified in the future, with generally only minor modification or optimization of the 
ShapeJumper pipeline required. 
 
Perspective 
Melding either per-nucleotide RNA chemical probing or through-space crosslinking 
experiments with a readout by massively parallel sequencing enables analysis of RNA structure 
with unprecedented throughput and impressive detail. However, it is a challenge to convert the 
direct results of chemical probing or crosslinking into a form readable by massively parallel 
sequencing. The ongoing transition from experimentally complex -seq class experiments to much 
more direct mutational profiling (MaP) has simplified the experiment and increased the accuracy 
of per-nucleotide chemical probing3,7,36. Analogously, a transition from complex adapter-ligation 
protocols to direct JuMP experimental readouts appears poised to transform experiments that 
measure through-space RNA-RNA interactions via crosslinking. A key to both MaP and JuMP 
readouts is software that carefully accounts for the idiosyncrasies of these experiments. 
ShapeJumper detects deletions resulting from crosslink jumping from which RNA-RNA 
interactions can be inferred with near-nucleotide resolution. The pipeline is easy to implement, 
requires little to no user input after execution, and works for diverse crosslinking reagents. 
SHAPE-JuMP and ShapeJumper inaugurate new platforms for efficient detection and analysis of 










Figure 3.11: Progress of ShapeJumper optimization steps for through-space interaction 
identification. AUC values summarize the results of replicate experiments in terms of ability 
to measure close-in-space interactions, defined as through-space distances less than 15 Å and 
contact distances greater than 10. Each column represents a step in the ShapeJumper pipeline. 
The mono-adduct control shows the AUC for (non-crosslinked) IA samples after processing 
by the optimized pipeline. 
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Methods 
Jumping RT enzyme 
Data analyzed in this work were generated by the RT-C8 enzyme, developed by directed 
evolution using a compartmentalized bead labelling strategy25. 
 
ShapeJumper pipeline 
ShapeJumper is a Bash script that executes multiple python programs and is executable 
on most UNIX platforms. Inputs are Illumina sequencing reads of crosslinked and non-
crosslinked samples in FASTQ format and a reference sequence file in FASTA format. By 
default, a text file with deletion locations and normalized, background-subtracted rates is output. 
Ambiguous deletions and deletions with inserts of 10 nucleotides or greater are removed, exact 
edge matching of deletion sites is enforced, and the final reported deletions have undergone a 5' 
+2 shift. Alignment and processing parameters can be varied, as described in the included 
documentation. Additional python tools are provided for analysis of measured deletions in terms 
of their distribution at the levels of sequence and secondary and tertiary structure. Python 2.7 and 
necessary third-party packages are available from the Conda package manager 
(https://conda.io/docs/). The following algorithms are used in the pipeline: ShapeMapper v237,38 
is used to trim reads by base-call quality; FLASH39 is used for merging overlapping reads; 
BWA-MEM26 is used to align reads to the reference sequence; and PYMOL (https://pymol.org/) 
and Biopython40,41 are used for tertiary structure analysis. 
Raw sequencing reads are trimmed by base-call quality using the read trimmer program, 
shapemapper read trimmer, part of ShapeMapper v238,42. Quality scores for each nucleotide in a 
read are scanned from 5' to 3'. When the first set of 5 nucleotides with an average quality score 
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below 20 is identified, it and all downstream nucleotides are removed from the read. Reads 
shorter than 25 nucleotides, post trimming, are removed. The resulting trimmed reads are then 
merged with their pair mate using FLASH39, which increases quality scores in the overlapping 
region. Reads that do not overlap are not removed. The quality trimmed and pair mate merged 
reads are aligned using BWA-MEM26 with the parameters optimized in this work: Gap open 
penalty (–O) of 2, mismatch penalty (–B) of 2, minimum seed length (–k) of 10, score threshold 
for output alignments (–T) (lowered to) 15. Merged and unmergeable reads are aligned 
separately and their outputs combined. 
Short deletions are directly identified by the aligner. Longer deletions generally result in 
two alignments per read, one each for the sequence upstream and downstream of the deletion; 
deletions are identified as the intervening reference sequence between the two alignments that 
did not align to the read. Multiple deletions can be detected in a single read. Deletions shorter 
than 10 nucleotides or deletions with an insert of greater than 10 nucleotides are ignored. The 3 
nucleotides upstream and the 3 nucleotides downstream of the deletion site are required to 
exactly match the reference. If there is a mismatch, the deletion site is shifted until there is an 
exact match. If these shifts involve more than 10 nucleotides total, the deletion is not reported. 
Deletion counts are normalized by the median read depth of the 5 nucleotides 
immediately downstream of the 3' deletion site. The normalized rates of the mono-adduct control 
sample are subtracted from the normalized deletion rates of the crosslinked sample. Deletions 
detected only in the crosslinked sample are retained. Finally, 5' deletion sites are shifted two 
nucleotides in the 3' direction (Fig. 3.8B). The final deletion data set is reported as each 




Aligners were tested using two datasets, each comprised of 1,000,000 computationally 
generated synthetic reads: a deletion set and a deletion-insertion set. Both synthetic read sets 
were generated by placing deletions randomly in the sequence for the RNase P catalytic 
domain43; the sequence included flanking structure casettes24 but deletions were not placed in the 
structure cassette sequences. The deletion-insertion set contains deletions generated in this 
manner, but the deletions also contained an additional insert. The insert lengths were randomly 
sampled from the distribution of insert lengths observed from a SHAPE-JuMP experiment using 
the RNase P RNA23 (Fig. 3.7, blue line). Reads in both sets were randomly mutated at single 
nucleotides at an overall rate of 3.75%; of these mutations, 3% were inserts, 26% were deletions, 
and 71% were single-nucleotide changes. These rates and ratios mimic the activity of the 
jumping RT used in this work.  
Reads were aligned using the default parameters for each tested aligner with two 
exceptions. For Bowtie 2, the alignments reported parameter (-k) was set to 2 to enable detection 
of longer deletions. For STAR, the minimum intron size was set to 10 and the non-canonical 
junction penalty was lowered to -4 to increase the rate at which deletions were identified at exon 
junctions; this change was explored to take advantage of splice-site reporting in STAR and to 
possibly forgo the need to parse deletion sites from SAM files.  
The resulting alignments were parsed for deletion-site locations. Locations were then 
compared to the known deletion sites encoded in the synthetic reads. Each alignment was binned 
into one of three deletion identification categories: exact matches, where the aligned deletion 
sites exactly match the encoded deletion sites; close matches, where both of the aligned deletion 
sites are within 3 nucleotides of the encoded site; and incorrect matches, where one or both of the 
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aligned deletion sites are more than 3 nucleotides from the encoded site. The same synthetic 
reads and matching criteria were used to evaluate and develop custom BWA-MEM parameters.  
As part of the BWA-MEM optimization strategy, a third increasing-insert-length 
synthetic read dataset was created to evaluate the effect of insert length on deletion-site detection 
accuracy. This dataset consisted of deletions that contain insertions of lengths ranging from 0 to 
30. 100,000 reads were synthesized for each insert length. Reads were created from an RNase P 
catalytic domain reference sequence24,43 and mutated as described above. The increasing-insert-
length read dataset was aligned using BWA-MEM with ShapeJumper parameters. The resulting 
alignments were analyzed for deletion site accuracy at each insert length (Fig. 3.9, red). 
 
Structure datasets 
TBIA and IA SHAPE-JuMP datasets were collected previously23. Short-wavelength UV 
and 4′-aminomethyltrioxsalen hydrochloride (AMT) data sets were generated using a modified 
version of the SHAPE-JuMP protocol. Briefly, 15 pmol in vitro transcribed RNase P RNA was 
heat denatured for 1 minute and placed on ice. The RNA was incubated in folding buffer [100 
mM HEPES (pH 8.0), 100 mM NaCl, 10 mM MgCl2] at 37 °C for 30 minutes, divided into three 
40 µL aliquots, and transferred to amber tubes. One aliquot was treated with 1/9 volume 2 
mg/mL AMT (Sigma-Aldrich A4330), dissolved in water, to yield a final concentration of 200 
ng/mL AMT. The other two aliquots were treated with the same volume of water, one to serve as 
a control and the other to be crosslinked with short wavelength UV. The samples were incubated 
at 37 °C for an additional 15 minutes then placed on ice for crosslinking. The control and AMT 
samples were exposed to 365 nm (UVP CL1000; 10 cm from light source) for 30 minutes. The 
short-wavelength UV sample was exposed to 295 nm (UVP Handheld UV lamp, 6 W; 15 cm 
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from light source) for 15 minutes. The RNA was purified by size-exclusion chromatography 
(G50 column, GE Healthcare) and kept on ice until reverse transcription. Reverse transcription 
was then performed using target-specific primers under SHAPE-JuMP conditions23 to produce a 
cDNA library. PCR was used to amplify cDNAs and to incorporate unique sequence barcodes23. 
Barcoded samples were sequenced (Illumina MiSeq instrument; 500 cycle v2 reagent kit).  All 
datasets were analyzed with default ShapeJumper parameter sets (as developed in this work); for 
psoralen and UV crosslinking, analysis scripts were updated to define the center of the 
nucleobase as the site of crosslinking. 
 
Tertiary contact ROC curve analysis 
All receiver operating characteristic (ROC) curve analyses used the same classifier, the 
set of nucleotide pairs with a three-dimensional distance less than 15 Å, and a contact distance 
greater than 10, where contact distance is defined as the sequence length between two 
nucleotides according to the secondary structure model when nested helices are skipped. This 
classifier was chosen as a way to approximate pairwise interactions that correspond to tertiary 
interactions. The true positive rate is defined as the fraction of ShapeJumper reported contacts 
with deletion rates above a given threshold that match this definition of tertiary contacts. The 
false positive rate is defined as the fraction of ShapeJumper contacts with deletion rates above a 
given threshold that do not correspond to a tertiary contact. 
Deletion-site shifts were assessed using data from previously described SHAPE-JuMP 
experiments performed on five small RNAs23 with known three-dimensional structures: the T. 
thermophila group I intron P546 domain44, B. subtilis M-box riboswitch45, the N. intermedia 
Varkud satellite ribozyme46, the catalytic domain of B. stearothermophilus RNase P43, and the O. 
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iheyensis group II intron47. To assess the effect of shifting the assignment for the 5' and 3' sites of 
crosslinking, SHAPE-JuMP reads were analyzed using default ShapeJumper parameters, and the 
resulting deletion junction sites were shifted by 0 to 5 nucleotides downstream of the 5' deletion 
site and/or 0 to 5 nucleotides upstream of the 3' deletion site. Shifted contacts were assessed 
using ROC curves and mean area under curve (AUC). ROC curve analysis was also carried out 
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